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Abstract
The prefill phase of Large Language Model (LLM) inference, where
the input prompt is processed to generate a Key-Value (KV) cache,
is a critical latency bottleneck for input sequences. Existing serving
architectures face a trade-off: Data Parallelism (DP) offers flexibility
but cannot accelerate a single long prompt, while Tensor Parallelism
(TP) parallelizes prefill but at the cost of rigid resource allocation
and constant communication overhead at each layer. We introduce
HydraCache, a system that resolves this problem by enabling a
cluster of independent, data-parallel model replicas to collaborate
on-demand to parallelize the prefill of a single long prompt. Our core
contribution is DistBlendAttention, a lightweight mechanism that
fuses distributed KV caches with minimal communication, avoiding
the prohibitive overheads of both TP and traditional Sequence
Parallelism. Our evaluation shows that HydraCache significantly
reduces Time-To-First-Token (TTFT) up to 7x for requests and
enables flexible, SLO-aware serving.

1 Introduction
The compute-intensive prefill phase, with its quadratic complexity
in attention [7], creates a dominant latency bottleneck for long
contexts, contrasting with the memory-bound decode phase [6].
While systems using techniques like chunked prefill can improve
overall throughput [1, 10], they do not fundamentally accelerate a
single long prompt, forcing a difficult choice between competing
parallelization paradigms. Data Parallelism (DP), while flexible, can-
not parallelize a single request, leading to high TTFT. Conversely,
Model Parallelism strategies like Tensor Parallelism (TP) [5] and
Pipeline Parallelism (PP) [4] parallelize prefill but at the cost of
rigid resource allocation, constant communication overhead (TP),
or efficiency-reducing pipeline bubbles (PP). Finally, the most direct
approach, Sequence Parallelism (SP), is rendered impractical by
the prohibitive network cost of transferring massive KV caches
between GPUs [2, 8].

To break this paradigm, we proposeHydraCache, a system that
enables practical sequence parallelism on a flexible, decoupled DP
architecture. HydraCache partitions a long input sequence, not the
model, across multiple independent GPU instances. These instances
concurrently compute partial KV caches, which are then efficiently
synchronized using our novel DistBlendAttentionmechanism. This
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Figure 1: Input sequence is split into chunks and dispatched
to independent instances for parallel prefilling.

approach provides the prefill acceleration of parallelism without
sacrificing the architectural flexibility of DP, enabling a hybrid,
SLO-aware serving model. Our contributions are:

• A novel sequence-parallel prefill strategy built on a flexible
data-parallel foundation.

• DistBlendAttention, a mechanism to fuse distributed KV
caches with minimal, minimal communication overhead.

• An evaluation demonstrating significant TTFT reduction
for requests compared to both DP and TP baselines.

2 System Design
HydraCache parallelizes prefill in a three-stage process: parallel
initial computation, selective token identification, and efficient,
pipelined cache blending.

1. Sequence Partitioning & Parallel Prefill. As shown in Fig-
ure 1, a single long input sequence is split into 𝑁 chunks. Each
chunk is dispatched to an independent GPU instance (hosting a full
model replica) and prefilled concurrently. This initial step is com-
pletely parallel and communication-free, but results in 𝑁 partial,
isolated KV caches that cannot attend to each other.

2. Identifying Cross-Chunk Dependencies. To synchronize
these caches with minimal overhead, we identify only the subset
of tokens most in need of global context. By recomputing the first
attention layer and measuring deviation, we mark the top ≈ 15% of
tokens for synchronization in subsequent layers. This heuristic is
shown to result in less than 1% generation accuracy loss [9].

3. Pipelined Blending via DistBlendAttention. To fuse the
knowledge from the distributed caches for the marked tokens, we
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Figure 2: The DistBlendAttention mechanism: instances ex-
change queries (Q), compute local Micro-Attentions (MA),
and aggregate them.
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Figure 3: Pipelining the blending process across layers and
GPU instances to overlap computation and communication.

use our DistBlendAttention mechanism, illustrated in Figure 2.
Instead of transferring large KV caches, this process involves:

• Query Exchange: Instances exchange only the small query
vectors of the marked tokens.

• LocalMAComputation: Each instance computes a partial
Micro-Attention (MA) [3] output using its local KV chunk.

• Aggregation: These small MA results are aggregated via a
fast All-Reduce to reconstruct the globally correct attention
output, which is then used to update the local KV caches.

To execute this layer-by-layer blending efficiently, we schedule
the operations in a pipeline across instances, as shown in Figure 3.
This overlaps the communication of one layer with the computation
of the next, effectively hiding network latency andmaximizing GPU
utilization during the synchronization phase.

3 Evaluation
We evaluate HydraCache on an NVIDIA DGX node with 4x A100
GPUs. Baselines include a standard Data Parallel (DP) setup and
a Tensor Parallel (TP) setup. All methods using chunking have a
chunk size of 500. We use Llama 3.1 8B for all results.

3.1 SLO-Aware Prioritization & TTFT Reduction
We measure the TTFT for each sequence in a batch. As shown in
Figure 4, HydraCache’s parallel prefill delivers the first token for
the highest-priority request (and the subsequent higher priority

sequences among the four total requests) significantly faster than
the baselines.
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Figure 4: TTFT per sequence index. HydraCache prioritizes
the first sequence, delivering its first token faster.

3.2 Scaling with Number of Sequences
We fix the total context length (128k tokens) and vary the number
of sequences. Figure 5 demonstrates that HydraCache achieves the
lowestt average TTFT across all batch sizes, and its performance
advantage grows as the workload becomes more distributed (as
demonstrated for the cases having 2 and 4 GPUs for the paralleliza-
tion, respectively).

# Sequences

A
vg

 T
TF

T 
(s

)

0

2

4

6

8

4 8 16

DP DP Chunked TP TP Chunked HydraCache

(a) 2 GPUs

# Sequences

A
vg

 T
TF

T 
(s

)

0

2

4

6

8

4 8 16

DP DP Chunked TP TP Chunked HydraCache

(b) 4 GPUs

Figure 5: Average TTFT vs. number of sequences. Hydra-
Cache demonstrates superior parallelization efficiency.

3.3 Scaling with Sequence Lengths
We fix the batch size and increase the sequence length. Figure
6 demonstrates that HydraCache’s latency scales far better with
longer contexts, much better countering the quadratic prefill bot-
tleneck that slows down baselines.
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Figure 6: Average TTFT vs. sequence length. HydraCache
effectively mitigates the quadratic complexity of prefill.
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4 Conclusion and Future Work
HydraCachepresents an effective solution to the problem of efficient
hybrid serving of LLMs. By enabling parallellized prefilling on a
flexible data-parallel architecture, it significantly reduces TTFT for
long prompts while retaining the ability to serve standard requests
with high throughput. HydraCache’s lightweight DistBlendAtten-
tionmechanism is key to this performance, achieving parallelization
without the high costs of existing methods. For future work, we
plan a comprehensive evaluation of our approach on decoding and
hybrid batching scenarios.
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