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Abstract

Recent multimodal large language models (MLLMs) marry modality-specific
vision or audio encoders with a shared text decoder. While the encoder is compute-
intensive but memory-light, the decoder is the opposite, yet state-of-the-art serving
stacks still time-multiplex these complementary kernels, idling SMs or HBM
in turn. We introduce SpaceServe, a serving system that space-multiplexes
MLLMs: it decouples all modality encoders from the decoder, and co-locates
them on the same GPU using fine-grained SM partitioning available in modern run-
times. A cost-model-guided Space-Inference Scheduler (SIS) dynamically assigns
SM slices, while a Time-Windowed Shortest-Remaining-First (TWSRFT) policy
batches encoder requests to minimise completion latency and smooth decoder ar-
rivals. Evaluation shows that SpaceServe reduces time-per-output-token by 4.81×
on average and up to 28.9× on Nvidia A100 GPUs. SpaceServe is available at
https://github.com/gofreelee/SpaceServe

1 Introduction

Multimodal large language models (MLLMs), for example Qwen2-VL[36] and other recent
systems[36, 3, 33, 27], have graduated from lab demos to production services that field image-
grounded questions, interpret charts, and reason over audio or video snippets. Conceptually, a MLLM
marries the unprecedented linguistic capability of a large text-only foundation model with a set
of modality-specific encoders that translate pixels, waveforms, or frames into the token space the
decoder already understands. This “encoder + shared-text-decoder” blueprint is now standard across
state-of-the-art models[3, 33, 18, 36].

As foundation-model decoders continue to improve “for free” (e.g., via larger pre-training corpora [21,
32, 17, 34, 9] or better post-training [26, 25, 28]), attention is shifting toward the encoders. These
front-end components are becoming both more powerful and more complex [33, 36, 3, 27]—handling
higher-resolution images, longer audio clips, and even variable-length video. Consequently, an
MLLM is effectively two decoupled yet complementary neural networks: a compute-intensive,
memory-light encoder paired with a memory-hungry, compute-light decoder. This pronounced
resource asymmetry remains largely unaddressed by today’s serving stacks.

Serving MLLMs inherits every headache of text-only LLM serving—tight tail-latency [15, 5] targets,
massive KV-cache footprints [35, 29, 13], dynamic batching[7, 38], and adds a new one: modality-
specific encoders. Most production stacks [13, 41, 10, 1] remain tuned for single-modality workloads.
Optimizations such as prefilling decoding disaggregation [11, 42], chunked prefill [1] boost through-
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put for text models assuming a homogeneous stream of decoder kernels. That assumption breaks
once a vision or audio encoder, with a completely different resource pro�le, enters the pipeline.

Lacking encoder-aware machinery, state-of-the-art systems such as vLLM [13] or TGI [10] revert
to time-multiplexingwhen they serve MLLMs: the GPU runs the vision/audio encoder �rst, then
switches context and launches the text decoder, and so on. Encoder and decoder kernels therefore
contend for the acceleratorsequentially, losing the complementary compute-versus-memory balance
that could otherwise be exploited.

Our key insight is thatencoders and decoders have complementary resource footprints: the
compute cycles a decoder leaves idle are exactly what an encoder can exploit, while the memory
an encoder scarcely touches is what the decoder hungers for to house its KV-cache. We therefore
advocatespace-multiplexinginstead of traditional time-multiplexing—running encoder and decoder
kernelssimultaneouslyon the same GPU, each claiming just the compute and memory it truly needs.

We embody this idea inSpaceServe, a split-encoder serving that: 1) decouples all modality-speci�c
encoders from the shared text-decoder; 2) dynamically routes multimodal requests through a modality-
aware scheduler that adapts to workload mix; 3) achieves space-multiplexing by co-locating encoder
and decoder kernels on each GPU whenever their complementary compute-memory footprints align.
Our contributions are as follows:

• Split-encoder serving architecture:We introduceSpaceServe, the �rst system thatdecouples
all modality-speci�c encoders from the shared text decoderand provides a GPU runtime that
co-locatestheir kernels via space-multiplexing. A lightweight, cost-model-guided co-location
policy packs encoder and decoder kernels whenever their resources footprints �t.

• TWSRFT encoder scheduler: To tackle bursty multimodal workloads, we design aTime-
Windowed Shortest-Remaining-First (TWSRFT)scheduler that ordersencoderrequests within
each time window by their remaining work. This preemptive policy minimizes encoder completion
latency and smooths the arrival pattern seen by the shared decoder, improving end-to-end tail
latency without harming encoder performance.

• Comprehensive evaluation:We evaluateSpaceServewith 4 size of state-of-the-art MLLMs [36,
3] on three GPU combinations (1*A100, 4*A100, 8*A100) using mixed workloads sampled from
two well-known benchmarks for image [40] and video [8]. Empirical results demonstrate that
SpaceServecutstime-per-output-token(TPOT) by4:81x on average and up to28:9x .

2 Motivation: From time-Multiplexing to space-Multiplexing

2.1 Preliminary

The canonical MLLM stack is organized around two core modules: 1) Modality-speci�c encoders that
translate raw visual, audio, or other non-text inputs into high-dimensional embeddings. 2) A shared
text-LLM decoder that performs autoregression generation over these embeddings. A lightweight
pre-processing stage precedes the encoders, normalising each modality into the expected tensor
format—tokenising text, slicing images into �xed-size patches, or converting audio into waveforms,
thus the encoders can operate on a consistent representation. For instance, a vision encoder typically
use ViT-based [6] structure to encode visual patches into visual tokens, which are aligned with text
tokens in a uni�ed representation space for integration and then processed by the LLM for reasoning
services and coherent outputs generation. A classic MLLM architecture is depicted by Figure 1a.

2.2 Resource footprint complementary: A quantitative analysis

Our major insight is a clearresource-footprint complementarity between modality encoders
and the shared text decoder. We substantiate this with a quantitative study of arithmetic intensity
(AI)—�oating-point operations per transferred byte (FLOPs / Byte)—showing that encoders are
compute-rich but memory-light, whereas decoders are memory-hungry yet compute-light. This
complementarity underpins the space-multiplexing design that follows.

Due to space limit, the detailed computation of AI for MLLMs are put in Appendix D.

Table 1 reports the arithmetic intensity (AI, FLOPs/byte) of Qwen 2-VL-7B at two image
resolutions—512 � 512 and 2048� 2048. Processing suchdynamicinput sizes is crucial for
accuracy, yet it complicates serving. Two key take-aways emerge:
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(a) Core components of MLLM: encoder and de-
coder.

(b) Fromtime-Multiplexing tospace-Multiplexing

Figure 1: Architecture of MLLMs and how vllm andSpaceServeserves MLLMs

Table 1: Arithmetic intensity (FLOPs / byte) of each serving stage in Qwen2-VL-7B on A100 GPU
as image resolution increases from 512� 512 to 2048� 2048. Higher AI means the kernel is more
compute-bound; lower AI implies it is more memory-bound.

Stage AI @ 512� 512 AI @ 2048� 2048

Encoder encoding 338.21 8826.97
Decoder pre�lling 72.13 1212.43
Decoder decoding 0.887 0.887

1. Encoders and decoders are complementary.At both resolutions theencoder encodingremains
compute-bound—AI increases from338:21 to 8826:97 FLOPs=byte as resolution increases, but
even338:21 still far exceeds the decoder's AI. By contrast, thedecoder decodingstage stays
memory-bound at0:887 FLOPs=byte. Consequently, an encoder's surplus memory bandwidth
can satisfy a decoder's KV-cache needs, while a decoder's idle SM cycles can be reclaimed by
encoder kernels—precisely the synergy exploited by our space-multiplexing scheduler.

2. Input dynamics reshape the resource footprint.Increasing resolution quadruples the number of
14� 14vision patches (e.g.,256! 1024patches), in�ating memory traf�c slower than compute
and increasing encoder AI by roughly4� , as the AI of encoder is quadratically related to the
number of patches, as detailed in Appendix C. TheEncoderphase changes from338:21 !
8826:97, and the decode phase is nearly �at, so therelativegap between encoder and decoder
shrinks as images grow. Any serving stack that statically partitions GPU resources will mis-size
one stage or the other once the workload shifts; a scheduler must adaptper request, co-locating
kernels according to theircurrentAI rather than a �xed worst-case estimate.

In short, dynamic, high-resolution inputs amplify the encoder–decoder asymmetry and underscore
the need for an adaptive, space-multiplexed serving strategy.

2.3 Toward Space-Multiplexed Serving

Existing serving stacks aremodality-agnostic, so their schedulers treat vision/audio encoders and text
decoders as unrelated jobs that simply take turns on the GPU. The result is classictime-multiplexing
( Figure 1b, top): the system either runs a batch of encoders or a batch of decoders, never both,
squandering the complementary SM-versus-HBM footprints we documented earlier.

State-of-the-art tweaks such as chunked pre�ll[1] ( Figure 1b, middle) do achieve within-decoder
space-multiplexing—interleaving the pre�ll and decode phases of text requests—but they rely on a
critical assumption: both phases operate on the same modality (tokens) with a shared architecture.
Vision and audio encoders violate that assumption; they ingest image patches or spectrogram windows
and execute a completely different kernel mix, so chunked pre�ll cannot be repurposed to overlap
them with decoder stages.
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