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ABSTRACT
As inference scales to multi-node deployments, prefill-decode disaggregation — splitting inference into distinct
phases — offers a promising path to improving the throughput-interactivity Pareto frontier. Despite growing
enthusiasm and a surge of open-source efforts, large-scale deployment of disaggregated serving remains limited
due to the complexity of the optimization search space and system-level coordination. In this paper, we present the
first systematic study of disaggregated inference at scale, evaluating hundreds of thousands of design points across
diverse workloads and hardware configurations. We find that disaggregation is most effective for prefill-heavy
traffic patterns and larger models. Our results highlight the critical role of dynamic rate matching and elastic
scaling in achieving Pareto-optimal performance. These insights, in conjunction with the deployment flexibility
enabled by NVIDIA Dynamo, provide a foundation to navigate the trade-off between system throughput and

interactivity in efficient disaggregated deployments.

1 INTRODUCTION

One of the primary drivers of modern Al applications is
scale. Inference serving is rapidly evolving from tradi-
tional single-node endpoints to multi-node deployments
at data center scale. This shift unlocks new opportunities
for system-level optimization, enabling exploration across a
broader, more expressive design space.

The community is actively exploring a range of techniques
to improve the Pareto frontier of server throughput (amor-
tized cost) and interactivity (quality of service) for inference
serving. Disaggregation is a prominent example, offering
the potential to expand the throughput—interactivity trade-
off curve when applied effectively. Reflecting this promise,
the past year has seen a surge in research efforts and open-
source implementations to enable disaggregated serving
deployments. Despite the growing interest, adoption of dis-
aggregation at scale has been limited - mainly due to the
complexity of the underlying design space.

At its core, disaggregation is straightforward: divide infer-
ence into phases with distinct compute characteristics and
optimize each phase independently. In autoregressive LLM
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inference, this corresponds to separating the prefill and de-
code phases of operation. Our work focuses on LLMs as
the primary case study due to their widespread popularity,
but the same principles apply to multimodal models.

The design space for disaggregation is broad and highly
dependent on traffic characteristics. Unlocking performance
gains through disaggregation requires careful decisions
around model sharding, concurrency, and rate matching be-
tween phases to balance throughput and interactivity trade-
offs. In this work, we systematically quantify the search
space for LLM disaggregation and examine the system-level
trade-offs and implications within this emerging landscape.

This paper seeks to clarify the practical aspects of disag-
gregated serving and to provide design guidance for large-
scale deployments. While disaggregation holds significant
promise for improving LLM inference, it also comes with
new optimization challenges. Figure 1 provides an example
of how the benefits of disaggregation, over piggybacked
co-location, can vary significantly across different traffic
patterns — i.e., Input Sequence Length (ISL) and Output
Sequence Length (OSL).

This paper, for the first time, extensively explores the design
space of large-scale disaggregated inference by simulating
millions of design points across a range of workloads, traffic
patterns, and hardware configurations. Our analysis reveals
that disaggregation provides the greatest benefits in prefill-
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Figure 1. Throughput—interactivity Pareto frontier for DeepSeek-R1. The benefits of disaggregated serving vary with the target to-
kens/s/user (i.e., interactivity) and traffic patterns: (left) prefill-heavy vs. (right) generation-heavy traffic. Most results in this paper are
presented in normalized form, as our primary objective is to convey trends rather than make specific performance claims.

heavy traffic scenarios (i.e., ISL >> OSL) and when serving
larger models (e.g., > 108 parameters). Our results under-
score the importance of dynamic rate matching and elastic
scaling to realize the advantages of disaggregation. Simi-
larly, we find that co-located serving is most beneficial under
relaxed latency targets and generation-heavy traffic patterns,
and that the effectiveness of context chunking is highly sensi-
tive to the attention mechanism (e.g., Multi-Latent Attention
(MLA) vs. Group Query Attention (GQA)).

As inference deployments grow to span multiple racks with
disaggregated serving, it is critical to utilize compute, stor-
age and networking resources effectively and efficiently
across the system. NVIDIA Dynamo (NVIDIA Dynamo
Team, 2025), a production-grade open-source disaggregated
serving framework, provides the necessary infrastructure to
build high-performance disaggregated inference systems
at scale. It has served as an effective platform for our
real-world experiments, where necessary to supplement
simulation-based findings. We hope the extensive explo-
ration, system-level analysis and deployment considerations
highlighted in this work will serve as a foundation for adop-
tion of disaggregated serving in production.

2 BACKGROUND

In traditional co-located LLM inference serving, both the
prefill and decode phases occur on the same model instance
within a monolithic pipeline. To maximize throughput,
requests in different phases are batched together to share
model weights and GPU memory. Many deployments em-
ploy in-flight batching (IFB), which allows new requests to
be added to a batch as soon as an in-flight request completes.
Piggybacking (Agrawal et al., 2023; 2024) builds upon IFB
by reducing decode stalls through context chunking when
new requests are introduced.

Despite these optimizations, co-located serving forces a
single model instance to simultaneously optimize for two
metrics: low First Token Latency (FTL) for new prompts
and low Token-to-Token Latency (TTL) for ongoing gener-
ation. Each metric exhibits different bottlenecks, leading to
inherent tension in resource scheduling.

In contrast, disaggregated inference serving (NVIDIA Dy-
namo Team, 2025; vLLM Team, 2024; Zhong et al., 2024;
Qin et al., 2025; Jin et al., 2024) decouples the prefill and
decode phases, allowing each to run on a separate model
instance — potentially across different GPUs. This sep-
aration enables each phase to independently adopt model
partitioning and batching strategies tailored to its perfor-
mance targets. Moreover, it eliminates artificial slowdowns
in prefill caused by strict TTL service-level agreements, as
seen in piggybacking. Figure 2 illustrates these modes of
serving.

As demonstrated in Figure 1, disaggregation is not a uni-
versal solution. In the following sections, we examine the
performance benefits of disaggregated inference serving
across a broad design space.

Appendix A defines key terms and metrics used throughout
the paper. We use prefill and context processing interchange-
ably, as well as decode and generation.

3 DESIGN SPACE EXPLORATION

A versatile inference optimization strategy should maximize
the area under the throughput—interactivity Pareto frontier
(see Figure 1 as an example). In the case of disaggregated
serving, achieving this goal requires optimization across
two distinct dimensions: (i) the model partitioning strategy
for prefill (a.k.a., context) and decode (a.k.a., generation)
instances, and (ii) the scaling/rate matching strategy for
prefill and decode GPUs.
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Figure 2. Visualization of (left) co-located and (right) disaggregated inference serving, illustrating the temporal distribution of prefill (dark
boxes) and decode iterations (light boxes) across different requests (color-coded).

3.1 Model partitioning

Each point along the Pareto frontier corresponds to a dif-
ferent model partitioning strategy. To explore this space,
we evaluate different parallelism strategies including Ten-
sor Parallelism (TP) (Shoeybi et al., 2020), Expert Paral-
lelism (EP) (Lepikhin et al., 2021), Pipeline Parallelism
(PP) (Huang et al., 2019; Narayanan et al., 2019), Chun-
ked Pipeline Parallelism (CPP), and TEP (Tensor Parallel
Attention and EP FFNs), across a wide range of batch sizes.

The optimal partitioning strategy for a given model depends
on several factors: the serving mode (e.g., co-located or dis-
aggregated), traffic characteristics (input sequence length,
output sequence length, and queries per second), target hard-
ware, and latency constraints. Such an extensive design
space is intractable to explore exhaustively via benchmark-
ing. Hence, throughout this paper, we use an NVIDIA-
proprietary, high-fidelity GPU performance simulator de-
signed for datacenter-scale inference. At the device level,
this simulator includes a detailed architecture representation
of the GPU, down to the memory hierarchy, compute units,
communication modules and datapath latencies. It employs
a kernel-aware approach to analytically estimate the perfor-
mance of each operation, complete with operation overlap-
ping and power management tradeoffs. At the system level,
the simulator supports state-of-the-art model partitioning
strategies, supported by a detailed network model with op-
timized communication collectives over both NVLink and
Ethernet. In data-center scale performance modeling, errors
can compound with every level of abstraction, making simu-
lator accuracy extremely important. Our simulator has been
exhaustively validated against silicon performance measure-

ments across multiple GPU generations and is capable of
parallelizing the exploration of a vast design space without
the need for hardware access. It takes as input the model
architecture, traffic pattern, and GPU configuration, and
outputs the corresponding latency and throughput across dif-
ferent batch sizes and parallelism strategies. These outputs
are used to construct Pareto frontiers under various serv-
ing conditions. In addition, where applicable, we provide
benchmarking results to capture the real-world implications
of design principles discussed.

For co-located serving, we evaluate configurations both with
and without context-chunked piggybacking and explore the
sensitivity of piggybacking to model architecture and traffic
patterns. In piggybacked setups, our simulator determines
the optimal mix of prefill and decode tokens in a batch for
each ISL-OSL combination. This ratio varies across the
Pareto frontier and depends on the latency constraints.

In the disaggregated setting, a key source of performance
gain is the ability to use different model partitioning strate-
gies for the prefill and decode stages. To reflect this, we
simulate the prefill and decode pools separately, allowing
each to independently optimize for its corresponding service
level agreements. Our simulator-based analysis focuses on
modern Blackwell systems (NVIDIA, 2024a) using FP4 pre-
cision (Rouhani et al., 2023), which represent the state of the
art in LLM inference infrastructure. However, benchmark-
ing results shared may range across hardware configurations
and model architectures, since they are curated from real-
world deployment studies. This bolsters the generalizability
of our findings.
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3.2 Scaling and rate matching

Once the optimal model partitioning for prefill and decode
is identified, disaggregated serving requires a rate matching
strategy to determine the appropriate ratio of prefill to de-
code instances and ensure a balanced throughput between
the two phases.

To construct the Pareto frontier shown in Figure 1, we first
fix the prefill mapping that satisfies the FTL constraint, as
detailed in Algorithm 1. Then, for each candidate decode
mapping, we use a rate matching algorithm that employs an
integer solver to find the right balance between the through-
put of prefill and decode phases, subject to the TTL con-
straint and total GPU count minimization. This is detailed
in Algorithm 2. These design principles are also reflected
in the dynamic rate matching algorithm for our NVIDIA
Dynamo (NVIDIA, 2024b) based experiments detailed in
Section 4.3. To ensure relevance to practical deployments,
all design points with an FTL > 10 seconds are excluded
from our search space.

Figure 3 illustrates the high-level overview of the rate match-
ing methodology used to quantify each disaggregated de-
sign point. Each blue circle in Figure 1 represents one such
design point, the output of a rate matching step. Our simula-
tion assumes a datacenter setting with sufficient GPUs and
incoming requests to fully utilize the rate-matched deploy-
ment. We further assume the KV cache produced at each
layer by the prefill pool is transferred to the generation pool
immediately as it becomes available, overlapping with the
computation of subsequent layers. The implications of this
assumption are discussed in Section 5.1. Unless otherwise
specified, the results assume no KV cache sharing.

Algorithm 1 Prefill Configuration Selection
1: Input: FTL_cutoff, config ftl tuple_list
2: Initialize best_throughput = 0
3: Initialize best_config = None
4

: for (prefill_config, FTL) in

config ftl tuple_list do

5. if FTL < FTL_cutoff then

6 B < prefill_config.batch_size

7: G < prefill_config.num_gpus

8 throughput < FT'%G

9 if throughput > best_throughput then

10: best_throughput < throughput

11: best_config < prefill_config

12: end if

13:  end if

14: end for

15: return (best_config, best_throughput)

Algorithm 2 Rate Matching Prefill with Decode GPUs
1: Input: prefill config, prefill_throughput,
decode_config ttl tuple_list, tolerance
: Initialize rate matched list =[]
PG <— prefill_config.num _gpus
4: for (decode_config,
decode_config ttl tuple_list do

W N

TTL) in

5: B < decode_config.batch size

6: DG < decode_config.num_gpus

7:  decode_throughput < TTL‘%

8:  decode_req throughput ¢ Secode-throughput
9: « < round ( dff:j:iigi?rﬁ}g;t, tolerance)

10:  num prefill gpus < numerator(a) x DG
11: num decode_gpus < denominator(«) x PG
12: throughput — decode_throughput
: —ita
13:  ratematched_list.append(throughput,
14: num_decode_gpus, num prefill _gpus)
15: end for
16: return rate matched_list

4 DISAGGREGATION IN PRACTICE

The performance gains from disaggregated serving depend
on multiple factors — including target latency, underlying
model architecture and scale, traffic patterns, and hardware
configurations. In this section, we analyze the sensitivity of
disaggregated serving to each of these dimensions.

In real-world deployments, service level agreements (SLAs)
are defined by two latency metrics: (i) FTL or the time
to generate the first token, ranging from hundreds of mil-
liseconds to several minutes, and (ii) TTL or the time to
generate each subsequent token, typically spanning a few
milliseconds on modern GPUs. The reciprocal of TTL (i.e.,
1/TTL) serves as a proxy for the interactivity that a user
perceives, measured in tokens per second per user. Together,
FTL and TTL constraints determine where a system should
operate along the throughput—interactivity Pareto frontier
for optimal performance. Disaggregated serving allows the
deployer to independently optimize towards each of these
metrics.

Optimizing for FTL constraints with Chunked Pipeline
Parallelism: In a disaggregated scenario, FTL constraints
apply only to the prefill (context) pool. As LLMs con-
tinue to push toward longer context lengths—now reaching
hundreds of thousands of tokens—meeting FTL SLAs has
become increasingly challenging. To address this challenge,
we found Chunked Pipeline Parallelism (CPP), a technique
that allows context GPUs to satisfy tight FTL SLAs with-
out relying on heavy tensor parallelism, to be especially
effective for long context lengths.

Figure 4 illustrates the chunked pipelining mechanism,
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which leverages the inherently parallelizable nature of LLM
context processing. It works by: (i) splitting the input se-
quence into smaller chunks, (ii) processing each chunk in-
dependently, using the KV cache from previous chunks,
and (iii) overlapping the processing of earlier layers of new
chunks with the later layers of previous ones using pipeline
parallelism. While each chunk does depend on the previous
chunks’ KV cache, it does not depend on previous chunks’
outputs, allowing them to enter the pipeline earlier. This
allows the context GPUs to finish processing the full context
sooner, without the complexity of wide tensor parallelism.

Our analysis shows that as FTL constraints become tighter,
chunked pipelining is consistently preferred over tensor par-
allelism for optimal prefill mapping. This advantage arises
from the substantially lower communication overhead of
chunked pipeline parallelism, which enables context GPUs
to sustain high math utilization while still meeting tight FTL
requirements.

comm_volrp = 2 * ISL * dpode1 * Niayers * bytesecien (1)
comm _volepp = ISL * dpoger * (Npp — 1) * byteseien (2)

Where ISL is the input sequence length, d,,oqc1 1S the
model dimension, Nigyers is the number of layers, Ny, is
the number of pipeline stages, and bytesejen, 1s the number
of bytes per element.

Equation 1 defines the allreduce communication volume
incurred by each GPU per prefill request in tensor par-
allelism, whereas Equation 2 defines the corresponding
send—receive communication volume in chunked pipeline
parallelism. Since the number of pipeline stages is typi-
cally much smaller than the total number of layers, and
because send-receive communication is generally less ex-
pensive than allreduce operations, chunked pipeline paral-
lelism achieves markedly lower communication overhead.
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Figure 4. High-level overview of Chunked Pipelining (CPP) for
context (prefill) processing. CPP helps reduce the need for costly
TP to meet tight FTLs.

Figure 5 shows, for DeepSeek-R1, how FTL can be reduced
as we increase the PP, while keeping throughput high. This
is consistent with our design principles, which suggest that
chunked pipeline parallelism is an optimal strategy to maxi-
mize throughput while complying with strict FTL SLA.

Optimizing for TTL constraints across the Pareto fron-
tier: TTL constraints, on the other hand, govern the decode
(generation) pool. In Figure 1, moving left to right cor-
responds to increasingly stringent TTL requirements (i.e.,
higher tokens/s/user). As TTL constraints tighten, configu-
rations shift toward smaller batch sizes and greater tensor
parallelism.

Consider DeepSeek-R1 (DeepSeek-Al et al., 2025) with ISL
of 16k and OSL of 2k: across the Pareto frontier, expert par-
allelism within the NVLink domain is consistently preferred.
However, attention computation transitions from data paral-
lelism in the high-throughput regime to tensor parallelism
under tighter TTL constraints. Batch sizes are in the hun-
dreds at the high-throughput end, decreasing progressively
as interactivity increases. A similar trend is observed for
Llama-3.1-70B (Grattafiori et al., 2024), where tensor par-
allelism scales from 2 x to 64 x as TTL constraints tighten,
with batching behavior closely mirroring that of DeepSeek-
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R1. While both co-located and disaggregated serving favor
high tensor parallelism under tight TTL SLAs, disaggre-
gated decoding is able to pursue this strategy more aggres-
sively. Freed from the need to balance math-heavy prefill
performance with decoding speed, disaggregated decode
pools can better adapt to tightening latency demands —
enabling superior performance at medium-latency SLAs.

We observe that the hardware resource utilization on decode
GPUs shifts significantly across the Pareto frontier. In the
high throughput domain, larger batches allow the GPUs
to achieve good compute utilization. As TTL constraints
tighten, batch sizes become smaller, and the pressure on
memory and communication bandwidth increases. A ver-
satile decode pool must provide reasonable performance
across the board.
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4.1 Model sensitivity

In this section, we examine the sensitivity of disaggregated
serving to model architecture and size.

Model architecture sensitivity. Model architecture plays a
key role in inference serving decisions. Figure 6 compares
disaggregated and co-located serving under context-heavy
traffic for DeepSeek-R1 and Llama-3.1-70B. We evaluate
the sensitivity of disaggregation to traffic pattern in the next
section. The benefits of disaggregation manifest differently
across different latency regimes for each model architecture.
MoE models, like DeepSeek-R1, have an additional degree
of parallelism to exploit in the expert dimension. This allows
for larger gains from disaggregation in the medium-latency
regime, particularly over piggybacked co-located serving.

We also observe that DeepSeek-R1 experiences additional
overhead in piggybacked co-located serving due to prefill
chunking — specifically, redundant computation of down
and up projections in multi-latent attention for each prefill
chunk. This can be mitigated by temporarily caching the up-
projected KV values from earlier chunks. To capture these
trade-offs, our co-located baseline Pareto curves include
both piggybacked and non-piggybacked configurations.

Model size sensitivity. Figure 7 presents the throughput-
latency characteristics for Llama 8B, 70B, and 405B under
both disaggregated and co-located serving configurations.
Our analysis indicates that the benefits of disaggregated
inference become more pronounced with larger models.
This enhanced performance can be attributed to the fact
that larger models are typically mapped across more GPUs,
enabling a broader range of parallelization strategies. Conse-
quently, the advantage of selecting distinct model mappings
for prefill and decode phases becomes more significant.

4.2 Traffic sensitivity

A critical factor in estimating the performance of disaggre-
gated serving is the traffic pattern. In Figure 8, we present
the Pareto for DeepSeek-R1 across four distinct traffic pat-
terns. Our analysis reveals that the benefits of disaggre-
gation are most pronounced for prefill-heavy workloads.
In decode-heavy traffic, mappings that prioritize decoding
speed are preferred, but this can significantly compromise
prefill processing throughput. Similarly, for co-located serv-
ing, piggybacking is most promising on decode-heavy traffic
when latency targets are not too tight. It is important to note
that our simulation with constant ISL. and OSL represents
an approximation of dynamic traffic, where these values
correspond to power-of-two approximations of the 50th per-
centile ISL and OSL. See Appendix B for a demonstration
of how using the P50 ISL/OSL provides a reliable represen-
tation of the Pareto frontier under dynamic real-world traffic
conditions.

4.3 Dynamic rate matching considerations

The optimal context-to-generation GPU ratio exhibits signif-
icant variation with model characteristics and target latency,
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with more context GPUs being necessary for larger mod-
els and at higher throughput serving scenarios, as shown
in Figure 9. Furthermore, the optimal ratio is sensitive to
specific serving choices and inference optimizations. As
an example, using prefix-caching can reduce the number of
context GPUs necessary at a target latency, while enabling
speculative decoding might reduce the number of genera-
tion GPUs required. Therefore, a versatile disaggregated
serving system should incorporate a dynamic rate matching
mechanism to adapt to changes in serving requirements.

Figure 10 illustrates the performance degradation of
DeepSeek-R1 when rate matching is constrained to a fixed
context-to-generation GPU ratio. A similar effect is ob-
served in small-scale GPU deployments, where limited re-
sources can restrict the rate matching search space.

Dynamo Planner: SLA-Aware Dynamic Rate Matching
As evidenced, in production environments, dynamic rate
matching needs to maintain the SLA on FTL and TTL for
dynamic traffic with varying ISL, OSL, and arrival rate. To
address this challenge, NVIDIA Dynamo implements an
SLA-aware dynamic rate matching algorithm in Dynamo
Planner (NVIDIA Dynamo Team, 2025) that continuously
adjusts the context-to-generation GPU allocation to meet
latency targets under changing traffic conditions.

To ensure best performance for a target workload, the SLA-
aware algorithm first runs a sweep over different paralleliza-
tion mapping strategies (i.e., TP, PP, EP, TEP) to identify the
optimal engine configuration. For the prefill phase, since
the ISL is usually long enough to saturate the GPUs, the
sweeping script simply measures the FTL under different
parallelization mapping for the user-provided reference ISL.
For the decode phase, since the TTL depends on the status
of all in-flight requests, it measures the TTL with differ-
ent numbers of concurrent requests informed by the user-
provided ISL and OSL for each parallelization mapping.
The best parallelization mapping is the one that achieves the
highest throughput per GPU while adhering to the SLAs.
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Figure 10. Optimal rate matching dynamically adapts Ctx:Gen ra-
tio to deliver Pareto optimal performance. A ratio of 3.5 is per-
formant at the most relaxed latency target but degrades as latency
tightens. Conversely, a ratio of 0.5 favors tight latency but suffers
significantly under relaxed latency.
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Figure 11. Left: FTL under different ISL for DeepSeek-R1 Dis-
tilled Llama 8B model using SGLang backend in Dynamo with
H200 GPU and TP1. Right: TTL under different sizes of in-flight
KV cache blocks and decode context lengths in the same setting.

Once the optimal engine configuration is identified, SLA-
aware Dynamo Planner performs an in-depth profiling to
better understand the performance of the selected prefill
and decode configuration under different loads. For prefill,
the profiler captures FTL and throughput per GPU across
a range of ISLs (Figure 11, left). For decode, the profiler
characterizes TTL as a function of both active KV cache
usage for the batch and average context length per request.
As shown in Figure 11 (right), TTL exhibits near-linear
growth with active KV usage under fixed context length,
with the slope steepening as context length decreases. These
profiling results enable the Planner to accurately predict
performance under dynamic traffic and adjust rate matching
in real time.

During runtime, the SLA-aware Planner continuously mon-
itors the ISL, OSL, and request rate to adjust the number
of prefill and decode replicas. To account for the cold start

latency, it applies time-series forecasting (Harvey, 1990;
Facebook, 2024) to predict the future ISL, OSL, and request
rate to scale in advance. Additionally, the interpolation
model of the SLA-aware Dynamo Planner is calibrated us-
ing automatic moving-average correction factors to attribute
the deviation caused by hard-to-model factors such as KV
prefix reuse, prefill queueing, and ISL/OSL variance.
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Figure 12. Goodput and goodput per GPU of different disaggre-
gated serving configurations for DeepSeek-R1 Distilled Llama 8B
model on H200 GPUs.

For a prototype disaggregated deployment of DeepSeek-R1
Distilled Llama 8B model on H200 GPUs, with a synthetic
load of 3K ISL, 300 OSL, and request rate varying between
5-45 requests/s and FTL SLA of 200ms and TTL SLA of
10ms, SLA-aware Dynamo Planner achieves (Figure 12):

* 8x better goodput and 7 x better goodput per GPU com-
pared to a deployment with inefficient prefill and decode
ratio (3:1 Ctx:Gen ratio, TP1 ctx and gen).

* 4x better goodput and 3.5x better goodput per GPU
compared to a deployment with inefficient parallelization
mapping (1:1 Ctx:Gen ratio, TP2 ctx and gen).

* 2Xx better goodput and 2x better goodput per GPU com-
pared to the best static deployment (1:1 Ctx:Gen ratio,
TP1 ctx and gen).

4.4 NVLink sensitivity
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Figure 13. Larger NVLink domain helps disaggregated serving.
DeepSeek-R1 benefits from higher EP and batching at medium-
latency. Llama-3.1-70B benefits from high TP at low-latency.

Figure 13 shows the Pareto performance of disaggregated



A Pragmatic Take on Inference Disaggregation

serving for two NVLink (NVIDIA, 2024b) domain sizes.
The analysis reveals that larger NVLink domains consis-
tently enhance disaggregated serving performance. The
benefit comes from the flexibility to choose wider expert
and tensor parallelism during generation.

5 DEPLOYMENT CONSIDERATIONS

Disaggregated inference incurs a one-time overhead per re-
quest for transferring KV cache from prefill to decode GPUs.
In this section, we analytically quantify the bandwidth re-
quirements necessary for efficient KV cache transfer and
discuss the practical considerations for KV cache transfer
in production.

5.1 Bandwidth requirements for KV cache transfer

Prefill GPUs generate KV cache on a layer-by-layer basis,
creating an opportunity to overlap KV transfer with prefill
computation. The required egress bandwidth per GPU to
fully overlap KV cache transfer with prefill compute can be
derived as:

Ni, X Begx X ISL X dp X Niy X byteselem X Sutil
BWeex =

FTL X NumGPU_¢y

3)
where Ny represents the number of layers in the model,
B.tx denotes the batch size of the prefill instance, ISL indi-
cates the input sequence length, d;, represents the attention
head dimension, Ny, specifies the number of KV heads,
byteseien indicates the number of KV cache bytes per to-
ken, FTL represents the time required for prefill computation
to complete, NumGPU., denotes the GPU count in each pre-
fill instance that uniquely shards the KV cache and Sy;i1
is the utilization scaling factor adjusted based on the rate-
matching ratio between context and generation GPUs. It
compensates for disparities in their fan-in/fan-out ratios dur-
ing distributed inference as well as other system overheads.

The ingress bandwidth requirement for decode GPUs is con-
strained by decode computation time to receive KV cache.
The bandwidth per decode GPU can be derived as:

BY . Np X Bgen X ISL X dp X Nyy X byteselem X Sutil
gen —

TTL X OSL X NumGPUge,

“)
where Bge,, Tepresents the batch size of the decode instance,
TTL indicates the time required to decode each output token,
0SL denotes the output sequence length, and NumGPUjge,
specifies the number of GPUs in each decode instance that
uniquely shards the KV cache. These equations ignore the
latency term in KV transfer time as it is several orders of
magnitude smaller than the prefill and decode computation
times. They also assume that the KV cache is transferred in
layer-grouped bursts, such that they can saturate the band-
width of the interconnect. Sections 5.2 and 5.3 provide more
details on how this is achieved in practice.

Note that some parallelism schemes replicate the KV cache
rather than sharding it. For example, when the tensor par-
allelism domain exceeds the number of KV heads, the KV
cache is duplicated across tensor parallel ranks. The duplica-
tion factor in this case is equal to the ratio of tensor parallel
ranks to KV heads. As a result, when calculating per-GPU
bandwidth requirements, only the GPUs that actually shard
the KV cache should be considered in the normalization.

Due to the quadratic cost of attention during prefill, FTL
scales superlinearly with ISL, whereas the KV cache size
scales linearly. This divergence implies that the egress band-
width requirement decreases as ISL increases. On the de-
code side, both the KV cache size and TTL scale linearly
with ISL, effectively canceling out their impact on ingress
bandwidth. However, ingress bandwidth is inversely pro-
portional to OSL. As TTL constraints tighten, more decode
GPUs are required to meet latency targets, which effectively
lowers the per-GPU ingress bandwidth requirement.

As for the impact of model scale on bandwidth requirements,
FTL scales linearly with the number of active parameters.
However, the KV cache size does not grow proportionally
to the number of model parameters. Consequently, larger
models with optimized attention (i.e., MLA in DeepSeek-
R1) may require less egress bandwidth than smaller models
with less efficient attention architectures.
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Figure 14. Bandwidth requirements for KV cache transfer with
Suwii = 1: Maximum of egress and ingress bandwidth across
various TTLs, showing the relationship between SLA constraints
and bandwidth needs.

Figure 14 shows the maximum of egress and ingress band-
width requirements for two traffic patterns on DeepSeek-R1
under varying TTLs. Our analysis indicates that existing
provisioned datacenter bandwidth is sufficient to support
KV cache transfer without becoming a bottleneck. How-
ever, careful consideration of network topology and latency
constraints is essential when designing datacenter-scale dis-
aggregated serving systems.
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5.2 NIXL for KV cache transfer

KV transfer communication is peer-to-peer, sparse and bi-
partite with a constantly changing set of communicating
GPUs. Further, to enable the inference engine to continue
uninterrupted, KV transfer APIs should be non-blocking and
asynchronous. We find that using NVIDIA Inference Trans-
fer Library (NIXL) (NVIDIA, 2025d), a non-blocking and
asynchronous KV transfer API, is instrumental in achiev-
ing the optimal performance for disaggregated inference
serving. NIXL utilizes a metadata-based peer-to-peer com-
munication model that enables a new inference worker to
join an existing set of prefill and decode workers simply by
exchanging metadata with the existing workers.

NIXL is deployed as a foundational layer within distributed
inference system architectures to support low latency, high
throughput KV cache transfers across GPUs, CPUs, local
SSDs, and various networked storage backends, including
cloud platforms and distributed file systems. It offers a uni-
fied asynchronous communication interface that abstracts
away the complexities of heterogeneous hardware compo-
nents and network topologies, while remaining independent
of the underlying inference framework. Upon a KV cache
transfer being initiated, NIXL determines the most optimal
data path available, with hints from the inference system.
Such optimal paths may include Remote Direct Memory
Access (RDMA) through InfiniBand (NVIDIA, 2024a) or
Ethernet (Metcalfe & Boggs, 1976) networks, NVLink, or
GPUDirect (Potluri et al., 2013) Storage, depending on sys-
tem configuration and transfer context. Its integration with
advanced communication libraries such as UCX (Shamis
etal., 2015) and S3 (Boisrond, 2021), along with support for
nonblocking operations and memory type agnostic behavior,
enables seamless and efficient cache movement regardless
of the cache’s location. This architecture allows distributed
inference workloads to scale elastically, with cache blocks
dynamically offloaded or prefetched from any storage tier
as needed, resulting in ultra-fast and reliable cache transfers
for disaggregated inference serving in production environ-
ments. NIXL and Dynamo have been widely adopted across
various open-source inference frameworks, enabling us to
leverage them for our experiments.

5.3 KV cache layout

KV cache consists of the key and value tensors generated for
each token processed by every attention head of every layer
in a transformer model. KV cache tensors are grouped into
small, fixed-size blocks or pages for efficient memory alloca-
tion and management. The organization of KV cache blocks,
both in terms of layerwise layout and head-wise blocking
can significantly affect memory utilization and prevent frag-
mentation. A well-designed storage strategy should aim
to support effective on-demand allocation, enhance mem-

ory utilization, and reduce fragmentation, especially when
processing sequences of varying lengths.

5.4 KY cache routing considerations

In production deployments, KV cache reuse introduces ad-
ditional complexity to disaggregated serving. Both KV
caching itself at the kernel/engine layer and cache-aware
routing strategies at the orchestration layer affect the scal-
ing of FTL. When requests share common prompt prefixes,
cached key-value blocks can be reused to reduce prefill cost.
However, the distribution of cached blocks across workers
depends on the routing strategy. Cache-oblivious strategies
like round-robin can fragment cache states, while cache-
aware routing strategies (NVIDIA, 2025b) direct requests
to workers with existing cache overlap.
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Figure 15. Scalability of FTL with prefix ratio. Higher prefix ratios
simulate increased shared prefix content. KV-aware routing (Dy-
namo KV Router) maintains better performance stability compared
to round-robin as cache reuse opportunities increase.

An additional consideration in disaggregated settings is how
KV caching interacts with KV transfer, especially with-
out KV-centric storage systems (Qin et al., 2025; NVIDIA,
2025c). If both prefill and decode workers maintain their
own KV caches, the framework should optimize bandwidth
usage by orchestrating transfers of only non-cached blocks.
Reducing bandwidth requirements via engine support for
such selective transfer is a key implementation detail for
production systems.

Figure 15 shows the impact of routing strategy on FTL as
prefix ratio varies. We use DeepSeek-R1-Distill-Llama-
8B as a prototyping example on 8§ L40S GPUs (ISL=14K,
OSL=200, 20 prefix groups) using Dynamo’s AIPerf bench-
marking tool (NVIDIA, 2025a). KV-aware routing main-
tains more stable performance as prefix ratio increases,
whereas round-robin exhibits degradation due to cache frag-
mentation. We expect this trend to hold across model sizes
as well as hardware configurations.
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6 RELATED WORK

Over the years, a substantial body of work (Aminabadi et al.,
2022; Yu et al., 2022; Kwon et al., 2023; Pope et al., 2023)
has explored the efficiency of large language model (LLM)
serving at scale. These efforts have primarily focused on
optimizing monolithic serving architectures by improving
batching strategies, memory management, and parallel exe-
cution to maximize throughput and reduce latency. While
highly effective within traditional deployment paradigms,
these approaches largely assume tightly coupled systems
and do not explicitly consider disaggregation as a first-class
design principle.

Recently, disaggregated serving has emerged as a com-
pelling new paradigm for improving the efficiency and
scalability of large-scale LLM inference. The core idea
of decoupling different stages of inference such as prefill
and decode across heterogeneous resources opens up new
opportunities for resource utilization and system-level op-
timization. In response to this promise, the past couple of
years have seen a surge of academic interest (Zhong et al.,
2024, Patel et al., 2024; Strati et al., 2024; Ruan et al., 2025;
Chen et al., 2024; Hu et al., 2024b; He & Zhai, 2024; Jiang
et al., 2024; Hu et al., 2024a; Chen et al., 2025), with works
exploring scheduling policies, communication patterns, KV-
cache management, and hardware-software co-design for
disaggregated systems. However, despite this growing body
of research, most prior works evaluate disaggregation in
relatively constrained settings, often comprising small-scale
clusters, synthetic workloads, or narrowly defined optimiza-
tion goals such as maximizing throughput or minimizing
latency in isolation. As a result, these studies do not fully
capture the fundamental trade-off space between throughput
and interactivity, nor do they characterize the Pareto frontier
that practitioners must navigate in real deployments.

In parallel, a rich ecosystem of open-source frameworks
(NVIDIA Dynamo Team, 2025; vLLM Team, 2024; Qin
et al., 2025; Jin et al., 2024) has begun to expose disag-
gregated serving primitives to practitioners. These systems
provide flexible abstractions for separating compute stages,
managing KV caches across nodes, and experimenting with
different parallelization strategies. While they significantly
lower the barrier to entry, they also reveal the complexity
of the design space: deployers must reason about work-
load heterogeneity, dynamic load balancing, communica-
tion overheads, and the interplay between different forms of
parallelism (e.g., tensor, pipeline, and request-level). This
complexity has, in practice, slowed widespread adoption at
scale.

To our knowledge, this work presents the first systematic
study of disaggregated serving at datacenter scale. Rather
than focusing on isolated optimizations or limited experi-
mental setups, we take a holistic view by mapping out the

full throughput-interactivity Pareto frontier and surfacing
the key trade-offs that govern real-world deployments. Our
analysis highlights not only the performance potential of
disaggregation, but also the practical considerations such
as scheduling stability, resource fragmentation, and system
robustness that are critical for making it viable in production
environments.

7 FUTURE WORK

The optimization space for large-scale inference serving is
expanding rapidly with new algorithmic techniques and
hardware innovations. Of the algorithmic directions to
explore, speculation, inference-time compute techniques,
and model architecture evolution appear to be particularly
promising to pursue. From the hardware and model perfor-
mance perspective, leveraging heterogeneous hardware ar-
chitectures to accelerate the performance of different model
components appears to be a particularly promising direc-
tion.

8 CONCLUSIONS

In this work, we present design principles for efficient dis-
aggregated serving, evaluate its effectiveness at-scale, and
provide a blueprint for practical deployment with NVIDIA
Dynamo. Our analysis shows that the optimal configura-
tions for disaggregated serving depend on a combination of
factors, including model size and architecture, traffic pat-
terns, latency constraints, and hardware resources. We also
highlight scenarios where disaggregation offers limited ben-
efit, such as serving smaller models or decode-heavy traffic.
These findings provide practical guidance for at-scale de-
ployment, where balancing throughput and latency remains
critical in meeting the evolving demands of LLM serving.
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