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Abstract

Speculative decoding (SD) reduces the autoregressive latency
of large language model (LLM) inference, but tree-based veri-
fication remains costly in this paradigm. We present Trident,
a similarity-driven context-reuse framework that accelerates
SD by exploiting semantic locality across independent re-
quests. Trident retrieves the closest historical prefix for each
incoming prefix and dynamically selects among Sequence
Reuse, Probability Reuse, and SD-based Recomputation. The
reuse paths leverage historical sequences, target probabili-
ties, and KV cache through fuzzy matching, guided by an
approximation that constrains reuse to cases with bounded
generation loss. To scale historical-context storage, Trident
stores contexts in an RDMA-enabled remote layer indexed
with OMH-verified LSH and hides access latency through
asynchronous retrieval and layer-wise context restoration.
Evaluations demonstrate that Trident reduces TBT by 69.2%
on average over autoregressive engines across models and
datasets. It also outperforms existing training-free SD frame-
works by an average of 30.3% across the same scenarios.
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1 Introduction

Large Language Models (LLMs) have demonstrated unprece-
dented capabilities across a wide range of natural language
tasks [7, 14, 50, 58, 61], yet their inference efficiency remains
constrained by autoregressive decoding [34, 46]. Since each
output token depends on the previously generated prefix,
conventional decoding invokes the target model sequentially,
limiting throughput and increasing time-between-tokens
(TBT) as models scale. Speculative Decoding (SD) [34, 38,
39, 56, 57, 64] mitigates this bottleneck by decoupling gen-
eration into a two-stage execution flow. A lightweight draft
model first proposes multiple candidate tokens, and the tar-
get model then verifies those candidates in parallel so that the
final output distribution remains identical to standard autore-
gressive decoding. Tree-based SD further improves the proba-
bility of accepting draft tokens by organizing candidates into
a hierarchical draft tree [46]. However, tree expansion also
increases the number of draft tokens that must be produced
and verified. Since self-attention computation grows with
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token volume, tree-based SD can shift the bottleneck to draft
generation [23] and target-model verification, particularly
in resource-constrained inference environments [72].

KV cache [31, 53, 60] reduces redundant self-attention
computation in LLM inference by storing the key and value
tensors of previous tokens. Once cached, these tensors can
be reused during later decoding steps, avoiding repeated self-
attention computation over the same prefix. However, the
reuse of KV tensors inherently relies on exact prefix match-
ing [2, 47, 49], confining it to intra-request inference where
cached states correspond to the same immutable prefix. Mod-
ern workloads, including autonomous-agent traces [51, 68]
and multi-tenant conversations [69, 75], often contain in-
dependent requests with nearly identical semantic prefixes
that differ only in small surface details. These small varia-
tions invalidate exact prefix matching, forcing full attention
recomputation for prefixes whose model states and likely
continuations are still close enough to be reused.

Fuzzy matching opens a broader reuse opportunity by
allowing historical intermediate states from semantically
similar requests to be reused across requests. By retriev-
ing historical prefixes that are close to an incoming prefix,
Locality-Sensitive Hashing (LSH) relaxes the exact-match
constraint of KV cache reuse and avoids redundant attention-
state recomputation [73]. When integrated with SD, this
reuse opportunity extends beyond KV cache to a broader
historical context! including generated token sequences and
target probabilities, which accelerate complementary stages
of decoding with modest storage overhead. Turning this
broader reuse opportunity into a practical design, however,
requires overcoming three key challenges:

Challenge 1: Inflexibility of Fuzzy-Matching Reuse
Policies. Semantic similarity varies continuously, but exist-
ing context-reuse policies are mostly binary. Current fuzzy-
matching approaches [65, 73] follow a binary policy that
either fully reuses historical contexts or fully recomputes
them. Such a rigid policy is poorly matched to SD since it can-
not handle the broad spectrum of semantic similarity across
prefixes. Aggressive reuse [3, 67] may introduce semantic
deviations from a mismatched prefix, leading to significant
generation quality degradation. Conservative recomputa-
tion, on the other hand, discards useful historical context
and falls back to full tree-based SD [12, 38, 46]. As a result, a
binary reuse policy collapses a spectrum of partially reusable
cases into a coarse tradeoff between unsafe reuse and unnec-
essary recomputation, missing opportunities to reuse valid
historical context without compromising generation quality.

!In this paper, the historical context comprises KV cache, target probabilities,
and generated tokens of the historical prefixes.
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Challenge 2: Absence of Quantified Similarity-Quality
Correlation. Reliable context reuse requires a quantita-
tive criterion that relates prefix similarity to the genera-
tion loss induced by reusing historical states. Existing fuzzy-
matching approaches estimate similarity using signals such
as attention deviation, token overlap, or embedding dis-
tance [65, 73, 77]. These signals are useful for retrieving
candidate prefixes, but they do not characterize how a sim-
ilarity mismatch between the current and historical prefix
perturbs the target model’s output distribution. This leaves
no principled basis for deciding whether historical contexts
remain accurate enough to reuse. Without a quality-aware
criterion, reuse decisions remain heuristic, making it difficult
to protect generation fidelity while consistently exploiting
reusable historical context.

Challenge 3: Insufficiency of Local Storage for Mas-
sive Historical Contexts. Effective cross-request fuzzy
matching depends on retaining a large and diverse history
of reusable inference states. In modern LLM serving deploy-
ments, independent requests continuously produce new his-
torical contexts, causing the reuse database to grow rapidly
with workload volume. Keeping this history on compute
nodes is impractical because local memory is already shared
by model execution, active requests, and runtime buffers.
Under high load, limited capacity forces aggressive eviction,
reduces the chance of finding high-similarity prefixes, and
increases index misses. Retaining a large volume of histori-
cal contexts improves matching coverage, yet local storage
pressure prevents it from scaling and drives the inference
back to costly recomputation.

We propose Trident, a similarity-driven context reuse
framework that accelerates tree-based speculative decod-
ing by reusing historical contexts across semantically sim-
ilar requests. Trident decouples fast-path decoding from
historical-context storage and retrieval through a disaggre-
gated compute-storage architecture. Compute nodes eval-
uate prefix similarity and execute decoding, while remote
storage nodes maintain a large LSH-indexed repository of
historical contexts and return the closest reusable prefix
through RDMA. The disaggregated design allows Trident to
exploit cross-request semantic locality without forcing each
compute node to retain a large local reuse database.

For each incoming prefix, Trident retrieves the most sim-
ilar historical prefix using OMH-verified LSH, computes a
lightweight OMH-verified Jaccard reuse similarity score, and
routes the request to one of three execution branches. Se-
quence Reuse is used for high-similarity prefixes and reuses
historically generated tokens as draft candidates. Probabil-
ity Reuse is used for medium-similarity prefixes and reuses
historical target probabilities while generating fresh draft
tokens for the current prefix. SD-based Recomputation is
used for low-similarity prefixes and executes standard tree-
based SD. Together, Trident’s three execution branches form
a similarity-aware context-reuse strategy that exploits strong
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matches aggressively, weaker matches conservatively, and
novel prefixes through recomputation.

Trident grounds reuse decisions in an approximate cor-
relation between prefix similarity and generation quality.
The approximation maps Jaccard similarity to hidden-state
cosine similarity, decomposes hidden-state deviation into
aligned and orthogonal components, and derives a safe-reuse
bound from the stability of high-probability next-token can-
didates. Trident enforces this criterion throughout decoding
rather than only at the initial match. After each decoding
step, the compute node appends the accepted tokens, re-
computes similarity to the retrieved historical prefix, and
redirects execution when the continuation begins to diverge.
Such recursive checking prevents a transient fuzzy match
from committing the request to overly aggressive reuse.

To make historical context storage scalable, Trident sep-
arates context management from compute-node execution.
Remote storage nodes index historical prefixes with Ordered
MinHash, which preserves token order as well as token
overlap during LSH lookup. Context retrieval is performed
asynchronously over RDMA and overlapped with local SD
computation. When Probability Reuse later transitions to re-
computation, the compute node may lack the local KV cache
that would have been produced by target-model forwarding.
Trident closes this gap with a dynamic KV-cache restora-
tion pipeline that fetches the aligned historical KV segment
from remote memory and restores it while local computation
proceeds. As a result, Trident scales historical-context reuse
beyond local memory limits while keeping remote lookup
and context restoration off the latency-critical decoding path.

In summary, this paper makes the following contributions:

o We identify cross-request semantic similarity as an
underexploited opportunity for accelerating specula-
tive decoding, and present Trident, a similarity-driven
context reuse framework that adaptively selects the
appropriate reuse strategy based on prefix similarity.

e We make Trident practical at scale by placing histor-
ical contexts in RDMA-enabled remote storage, us-
ing OMH-verified LSH to retrieve order-preserving
matches, and overlapping remote access with layer-
wise context restoration.

e We augment Trident with a quality-aware reuse crite-
rion that approximates the correlation between prefix
similarity and generation quality, allowing it to selec-
tively reuse historical contexts and dynamically detect
semantic drift during decoding.

e We implement an asynchronous retrieval and restora-
tion pipeline that overlaps remote context access with
local speculative computation and restores missing
KV cache segments layer by layer when execution
switches back to recomputation.

e We evaluate Trident on LLaMA2-7B, Vicuna-13B, and
LLaMAZ2-70B, showing that it reduces TBT by 69.2%
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on average over autoregressive decoding and outper-
forms existing training-free SD frameworks by 30.3%
on average under different workloads.

2 Background and Motivation
2.1 Speculative Decoding

Speculative decoding (SD) [29, 34, 43, 56, 76] accelerates LLM
inference by replacing strictly token-by-token target-model
execution with a propose-and-verify workflow. Instead of
invoking the target model once for every output token, SD
first uses a lightweight draft model to autoregressively pro-
pose a short continuation and record the corresponding draft
probabilities. The target model then evaluates these tokens
in parallel and computes their exact probabilities under the
target distribution. The verification procedure compares the
draft and target probability distributions and accepts a valid
prefix of the drafted sequence when the candidates are consis-
tent with the target model. By amortizing one target-model
invocation over multiple accepted tokens, sequence-based
SD significantly reduces decoding latency without compro-
mising generation quality.

The lossless guarantee of SD depends on the verification
rule used to convert approximate draft proposals into exact
target-model samples. Greedy validation, adopted in early SD
works [56], accepts a draft token only when its target proba-
bility is no lower than its draft probability. This deterministic
rule provides a straightforward correctness condition, but it
also rejects many useful candidates whenever the draft and
target distributions differ moderately.

Speculative sampling [34] replaces deterministic verifica-
tion with an exact probabilistic correction. A draft token
is accepted when piarget/Pdraft €Xceeds a random threshold
drawn uniformly from [0, 1]. Thus, tokens underestimated
by the draft model are accepted, whereas overconfident draft
tokens are accepted only when sufficiently supported by
the target model. Rejected tokens are replaced by samples
from the residual positive difference between the target and
draft distributions. This probabilistic verification rule sub-
stantially improves acceptance over greedy validation while
preserving the lossless semantics of SD, and therefore serves
as the verification primitive for later SD frameworks.

To further improve acceptance, recent SD frameworks
replace the linear draft sequence with a tree of candidate to-
kens [12, 38, 40, 46]. During drafting, the draft model autore-
gressively builds a token tree in which each node represents
a candidate token conditioned on the root-to-node prefix and
is associated with a draft probability distribution. The target
model then verifies the tree in a single parallel forward pass,
producing target distributions for all candidate nodes un-
der the tree-structured dependencies. The verifier traverses
the tree in prefix order, applying speculative sampling only
to nodes whose ancestors have already been accepted. Re-
jections prune the affected branch and invoke the residual
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sampling rule, while accepted paths can continue toward
deeper nodes. By exploring multiple continuations in one
verification step, tree-based SD improves the probability of
accepting a longer valid prefix, but it also increases the vol-
ume of draft candidates that must be generated and verified.

Recent tree-based SD frameworks mainly focus on either
the producer of draft candidates or the structure in which
those candidates are verified. One line of work moves draft
generation into the target model to reduce the overhead of
invoking a separate draft model. Medusa [8] attaches multi-
ple decoding heads to predict future tokens in parallel, and
Hydra [1] strengthens this by allowing later heads to depend
on earlier speculative predictions. Kangaroo [41] instead
uses an adapter and early-exit policy to avoid unnecessary
shallow-layer computation. EAGLE3 [40] further replaces
feature prediction with direct token prediction over multi-
layer internal features. Another line of work improves the
structure of the candidate set and the efficiency of verifi-
cation. SpecInfer [46] verifies token trees in parallel using
tree-aware attention masks. Sequoia [12] formulates draft-
tree construction as a dynamic-programming problem to
allocate candidate branches more effectively.

However, the key inefficiency of existing SD frameworks
lies in their fundamentally isolated per-request execution
model, which limits optimization to the computation per-
formed within a single decoding instance. Even when in-
coming prompts are semantically close to historical con-
texts, these frameworks still regenerate candidate tokens,
rebuild intermediate states, and repeat target-model verifica-
tion from scratch. Tree-based SD amplifies this inefficiency
because improving acceptance typically requires a larger can-
didate tree, which increases both draft-model autoregression
and target-model verification work.

As inference workloads shift toward agentic execution [68],
multi-turn dialogue [22], and template-heavy services [74],
deployments increasingly combine larger models with wider
or deeper draft trees to sustain acceptance, further raising
the cost of purely intra-request optimization. Yet such work-
loads often issue prompts that differ in surface form while
preserving similar intent, structure, and continuation behav-
ior [9, 28, 35]. Existing SD frameworks leave this locality
outside their design scope, and therefore repeatedly pay for
computation that could be avoided when a current prefix is
sufficiently aligned with historical contexts. This motivates
similarity-driven context reuse as a complementary direction
to intra-request SD optimization.

2.2 Cross-Request Context Reuse

Cross-request reuse [24, 65, 73] extends context reuse be-
yond the boundary of a single request by exploiting semantic
locality among independent prefixes. Production LLM ser-
vices rely on exact-match prompt caching [2, 18, 49], which
avoids redundant computation when a new request shares
an identical prefix. However, exact matching captures only
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a small subset of the locality present in real workloads. Re-
quests in modern LLM services often express the same in-
struction [24, 28], follow the same dialogue template [22, 70],
share semantically equivalent user intents [35], or ask struc-
turally similar questions [9] while differing in individual
tokens. Exact matching treats these prefixes as cache misses,
even though their internal states and next-token distribu-
tions may remain close enough to support reuse.

Fuzzy matching broadens the reuse surface by treating
semantic alignment, rather than token-level equality, as the
condition for retrieving historical context. Under this para-
digm, a current prefix reuses the intermediate states associ-
ated with a historical prefix when the two are close enough
to induce similar model states and continuation behavior.
Locality-Sensitive Hashing (LSH) [11, 17, 25, 30, 62] makes
such retrieval efficient by mapping each prefix to a hash
signature under which similar prefixes collide with high
probability. The resulting buckets turn semantic similarity
into a low-overhead indexing decision for locating reusable
historical contexts at runtime.

Recent LSH-based inference optimizations differ in both
the granularity at which they apply hashing and the type
of state they make reusable. HashAttention [19] and Ha-
shEvict [42] use binary hash signatures inside a single re-
quest. The former casts attention sparsification as super-
vised Hamming-distance retrieval, whereas the latter ap-
plies SimHash before attention to filter KV entries that are
unlikely to affect the current token. These designs reduce
intra-request attention or cache-management overhead, but
they do not expose reusable computation across indepen-
dent prompts. SemShareKV [73] instead uses token-level
LSH matching to enable cross-request KV cache sharing. It
reuses the reference KV cache when the target-reference
similarity exceeds an empirical threshold, and otherwise
performs recomputation. Nevertheless, existing approaches
have two key limitations that prevent them from fully ex-
ploiting cross-request semantic locality to accelerate SD.

First, existing context reuse approaches mostly follow a
binary reuse policy that either fully reuses historical contexts
or recomputes tokens from scratch. This rigidity stems from
treating KV cache as the only reusable context [24, 73]. Once
reuse is restricted to KV states, a matched prefix must either
be trusted as a whole or discarded completely, since partially
trusting a mismatched KV state offers no natural way to
separate safe reuse from unsafe semantic drift [67].

Speculative decoding provides the opportunity to exploit
this spectrum, where different artifacts tolerate different
degrees of mismatch. Highly similar prefixes can support
draft reuse by treating historically generated tokens as draft
candidates, and their aligned KV cache segments can also be
reused when recomputation resumes from a matched prefix.
Moderately similar prefixes may still benefit from target-
probability reuse while generating fresh draft tokens for the
current request. By matching the granularity of reuse to the
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Figure 1. Overview of Trident’s compute-storage architec-
ture. Compute nodes evaluate prefix similarity and execute
the selected reuse path, while storage nodes organize and
serve reusable historical contexts.

strength of prefix similarity, SD provides the opportunity to
turn fuzzy matching from an all-or-nothing cache decision
into a similarity-driven execution policy.

Second, existing LSH-based reuse often uses order-agnostic
hash signatures for matching, overlooking the token order
that distinguishes semantically different prefixes. Prefixes
with similar token sets can still lead to different model states
when their tokens occur in different positions or participate
in different dependency structures. MinHash [5, 6, 36, 37]
is a representative LSH implementation for prefix similar-
ity [4, 33, 52]. It summarizes a prefix by applying several
independent hash functions, selecting the minimum-hash
element for each function, and concatenating selected ele-
ments into a signature whose collision behavior estimates
set-level resemblance. The efficiency comes from ignoring
token positions, which makes it unable to capture positional
information needed to distinguish semantically different se-
quences with similar token membership.

Ordered MinHash (OMH) [10, 44] offers a promising basis
for addressing this mismatch by making the LSH signature
order-aware without abandoning compact hashing. Rather
than storing a single unordered minimum per hash func-
tion, OMH forms low-hash token tuples and sorts each tuple
by original position ID before concatenation. The resulting
order-aware hash value captures both token membership
and relative ordering, allowing the LSH index to retrieve
historical prefixes with semantic and state-level alignment.

3 Design
3.1 Overview

Trident addresses speculative decoding inefficiency by turn-
ing cross-request similarity into a routing decision that se-
lects the most effective reuse strategy at runtime. It couples
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local compute nodes with remote storage nodes in a disag-
gregated context-reuse framework, so that each incoming
prefix can reuse the historical context best aligned with its
semantics rather than following a fixed reuse-or-recompute
policy. The disaggregated design separates latency-sensitive
speculation-verification execution from historical-context
management and enables Trident to leverage semantically
relevant reuse opportunities across a broad range of prefixes.

As illustrated in Figure 1, Trident’s compute node is re-
sponsible for similarity evaluation and speculation-verification
execution, while the storage node indexes reusable history
and returns the contexts associated with the closest prior pre-
fix. At its core, Trident employs a similarity-driven context-
reuse engine that evaluates each incoming prefix against the
retrieved historical prefix and routes it to the execution path
best matched to its reuse opportunity (§3.2). When a new
query arrives, the compute node forwards its prefix to the cor-
responding storage node, which applies OMH-verified LSH
to locate the bucket, identify the highest-similarity historical
prefix, and return the associated reusable contexts (§3.3). The
compute node then computes a lightweight OMH-verified
Jaccard reuse similarity score (§3.4) and dispatches the prefix
to the corresponding execution path.

The selected execution path is determined by how much of
the historical context can be reused safely. For high-similarity
prefixes, Sequence Reuse adopts the historically-generated
sequence as draft tokens and verifies them in linear SD, re-
moving draft-model autoregression from the critical path and
improving acceptance. For medium-similarity prefixes, Prob-
ability Reuse leverages stored historical target probabilities
during tree-based SD to bypass expensive target-model for-
ward passes. For low-similarity prefixes, Trident falls back to
standard SD-based Recomputation and persists the newly gen-
erated reusable contexts to storage nodes for future access.
After each SD step, Trident appends the newly accepted to-
kens to the prefix, re-evaluates the similarity, and can switch
to a different path if the reuse opportunity changes.

Trident’s storage layer makes similarity-driven routing
practical at scale by organizing historical contexts across dis-
tributed storage nodes and indexing them with OMH-verified
LSH. The key advantage of OMH over order-agnostic LSH
is that it retains both token overlap and token order, rather
than approximating similarity from token membership alone.
Concretely, OMH uses MinHash to select token tuples, sorts
each tuple by the tokens’ original positions, and concate-
nates the ordered tuples into an order-aware hash value. The
resulting order-aware hash value drives bucket placement
and lookup, enabling accurate retrieval of reusable historical
prefixes with low lookup overhead.

Trident further hides remote-access overhead with asyn-
chronous RDMA-based context retrieval. Historical contexts
are transmitted in parallel with local speculative decoding,
so remote access does not stall the critical path. In addition,
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Figure 2. Trident’s similarity-driven reuse workflow under different prefix-similarity levels.

Trident addresses the KV-cache gap introduced by Probabil-
ity Reuse. Since Probability Reuse leverages historical target
probabilities to bypass target-model forward passes, switch-
ing back to SD-based Recomputation may leave the com-
pute node without the local KV cache required to continue
standard SD. Trident resolves this with a dynamic KV-cache
restoration pipeline that fetches the highest-similarity histor-
ical KV tensors and truncates them according to the current
generated length, reconstructing a semantically aligned KV
state without regenerating it from scratch.

Finally, Trident grounds its routing policy in a mathemat-
ical approximation of the correlation between input-prefix
similarity and output-generation quality to avoid redun-
dant recomputation while preserving generation accuracy.
Trident first maps token-level Jaccard similarity to hidden-
state cosine similarity, then decomposes hidden-state devia-
tion into a semantically aligned component and an orthogo-
nal perturbation. Based on this decomposition, it derives a
semantic-loss inequality that constrains the perturbation so
that the top-m next-token probabilities remain stable. The
resulting cosine-similarity bound is translated into a Jac-
card threshold, yielding a lightweight but principled routing
evaluation metric that prevents redundant recomputation of
reusable prefixes without compromising generation quality.

3.2 Similarity-Driven Context Reuse

Trident performs similarity-driven context reuse by rout-
ing each incoming prefix according to the similarity of the
best-matched historical prefix. For each incoming prefix, the
compute node first queries the OMH-indexed remote stor-
age nodes to retrieve the most semantically similar historical
prefix. It then computes the OMH-verified Jaccard similar-
ity between the incoming and retrieved prefixes and uses
this evaluation score to determine the reuse strategy for
the current decoding step. Specifically, Trident selects Se-
quence Reuse for high-similarity prefixes, Probability Reuse
for medium-similarity prefixes, and SD-based Recomputa-
tion for low-similarity prefixes. Rather than applying a fixed
reuse-or-recompute policy, Trident matches each incoming

request to the execution path that best balances acceleration
with approximate correctness bounded by semantic-loss con-
straints.

Sequence Reuse. When the incoming prefix is highly
similar to a stored historical prefix, Trident routes the re-
quest to the Sequence Reuse path. Figure 2a illustrates the
workflow of Sequence Reuse. Instead of invoking the draft
model to generate draft tokens and draft probabilities, the
compute node retrieves the historical draft sequence and
its probabilities from the remote storage nodes and directly
uses them as the draft for the current request. The target
model then performs a single parallel forward pass over the
retrieved draft tokens to compute the corresponding target
probabilities. Trident then applies speculative sampling and
accepts tokens until the first rejection based on the ratio
between target and draft probabilities.

Sequence Reuse removes draft-model autoregression from
the critical path, because Trident no longer needs to regener-
ate draft tokens for highly similar prefixes. Since Sequence
Reuse is invoked only when the current prefix is strongly
aligned with the retrieved history, the reused sequence is
likely to achieve a high acceptance rate and therefore im-
proves throughput. At the same time, generation quality is
preserved because every reused token is still verified by the
target model through the speculative-sampling procedure.

Probability Reuse. When the incoming prefix has lower
but still substantial similarity to a historical prefix, Trident
routes the request to Probability Reuse. This path retains the
tree-based SD structure, but replaces expensive target-model
verification with reusable historical target probabilities. As
illustrated in Figure 2b, the compute node generates a fresh
draft tree and its draft probabilities for the current prefix,
while the storage node returns the historical target probabili-
ties associated with the closest matching prefix. Trident then
traverses the draft tree from the root and applies speculative
sampling at each node using the ratio between the retrieved
target probability and the locally generated draft probability.
Verification continues along a branch only when the parent
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Figure 3. Ordered MinHash construction for prefix indexing

node is accepted, and stops when all children of a node are
rejected, or when a leaf node is reached.

Probability Reuse removes the most expensive part of ver-
ification, the target-model forward pass, without discarding
prefix-specific drafting. This makes it a better fit for medium-
similarity cases, where reused probabilities remain useful
but directly reusing the historical token sequence would be
too aggressive. At the same time, because the draft tokens
are produced specifically for the current prefix, Probabil-
ity Reuse remains better aligned with the current request
than direct sequence reuse and is therefore appropriate for
medium-similarity cases. The path therefore improves effi-
ciency while keeping generation quality aligned with the
current prefix.

SD-based Recomputation. When the incoming prefix
has low similarity to all available historical contexts, Trident
falls back to standard SD-based Recomputation. As shown
in Figure 2c, the draft model generates the draft tree and
draft probabilities, the target model computes the exact tar-
get probabilities, and speculative sampling verifies the draft
in the standard tree-based SD manner. After verification,
the compute node persists the new prefix and its generated
historical context to remote storage nodes for future reuse.

The SD-based fallback is essential for Trident’s correctness
and coverage. It guarantees that low-similarity requests that
do not admit safe reuse are still processed correctly, while
also expanding the historical database that supports later
Sequence Reuse and Probability Reuse decisions.

Semantic Mismatch Detection. Under similarity-driven
context reuse, an incoming prefix may occasionally be matched
to a semantically misaligned historical prefix. In that case,
the similarity between the reused historical sequence and the
newly generated sequence decreases as decoding continues.
To detect this decay and protect generation quality, the com-
pute node recursively re-evaluates the extended prefix and
dynamically selects the execution path for the next iteration.

If such a prefix mismatch occurs, reused historical target
probabilities will lead to draft rejections during verification.
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As discussed in Section 2.1, these rejections force Trident
to sample replacement tokens from the residual probability
distribution. This resampling quickly reduces the similarity
between the newly generated and historical token sequences
and triggers a switch to SD-based Recomputation. Trident
therefore preserves generation quality by reverting to stan-
dard recomputation when a semantic mismatch is detected.

However, the execution-path transition introduces a local
KV cache gap on the compute node, since Probability Reuse
skips the target model’s forward pass and thus does not build
KV cache entries for the newly generated tokens. To close
this gap, Trident retrieves the historical KV cache of the
highest-similarity prefix from the remote storage nodes and
reuses the aligned portion instead of rebuilding the entire
cache from scratch. The historical KV cache is truncated
along the token dimension to match the length of newly gen-
erated tokens from Probability Reuse and transmitted to the
compute node. Since Probability Reuse operates only under
medium-to-high similarity, the restored KV state remains
sufficiently aligned and speeds up the subsequent SD-based
Recomputation.

3.3 Scalable Historical Context Management

Trident offloads historical-context storage and retrieval to a
dedicated remote layer that keeps latency-sensitive decoding
on the compute node while scaling the reusable context
database across storage nodes. Each storage node maintains
historical prefixes together with generated token sequences,
target probabilities, and KV cache, and exposes them through
OMH-verified LSH lookup. This separation allows Trident to
search and retrieve reusable history without requiring each
compute node to keep a large local context database. Once a
storage node identifies the closest historical prefix, Trident
transfers the corresponding contexts through asynchronous
RDMA and overlaps the transmission with local speculative
decoding, thereby reducing the impact of remote access on
end-to-end inference latency.

Order-Aware LSH Indexing. Trident uses OMH-verified
LSH to locate reusable historical prefixes efficiently while
preserving both token overlap and token order. Figure 3
decomposes this process into three steps. Given an input
prefix, OMH first applies multiple MinHash functions to
the prefix tokens and selects several minimum-hash tokens
under each function, producing unordered token tuples. It
then sorts each tuple by the tokens’ original position IDs
in the prefix, converting the tuple into an order-preserving
representation. Finally, Trident concatenates the ordered
tuples into an order-aware hash value and uses this value to
determine the target hash bucket.

This order-aware construction is important for prefix reuse
because token membership alone is insufficient to character-
ize semantic alignment. Two prefixes may contain many of
the same tokens but arrange them in different orders, leading
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to different model states and different continuation distri-
butions. By sorting MinHash-selected tokens according to
their original positions before concatenation, OMH embeds
positional information into the LSH key. As a result, prefixes
with similar token content and similar ordering are mapped
to the same bucket with high probability, while prefixes
with weaker order alignment are less likely to be treated as
reusable matches.

To scale lookup across storage nodes, Trident replicates
the OMH index on each storage node and partitions the
historical contexts across them. When a new prefix arrives,
the compute node computes its LSH hash value, derives the
bucket ID, and routes the lookup directly to a single storage
node. The storage node searches only the corresponding
bucket in its OMH-indexed database and returns the most
semantically similar historical prefix. Its reusable contexts
are then fetched from the node that holds them. The compute
node then computes the OMH-verified Jaccard reuse similar-
ity between the incoming prefix and the retrieved prefix and
uses this similarity score to select Sequence Reuse, Probabil-
ity Reuse, or SD-based Recomputation. The OMH-verified
LSH indexing approach eliminates database-wide scans and
cross-node broadcasts, reducing lookup latency and com-
munication overhead while preserving retrieval accuracy
through the order-aware candidate selection.

Historical-Context Population, Capacity, and Evic-
tion. Trident bounds the size of its historical-context data-
base through on-demand population, distributed context
sharding, and per-bucket LRU eviction. The historical-context
database is initialized as empty. When a lookup finds no
reusable context, the compute node executes SD-based Re-
computation and inserts new contexts into the OMH bucket
after generation. Trident partitions the historical contexts
across storage nodes, allowing aggregate storage capacity
to scale with the number of storage nodes. When a bucket
reaches its capacity limit, the storage node responsible for
that bucket evicts its least recently used context. If a sub-
sequent lookup cannot find a reusable context because of
eviction, Trident simply recomputes the request.

Stall-Free Context Retrieval. Remote context storage in-
troduces a potential communication bottleneck because each
reuse path depends on historical data that resides outside
the compute node. Trident avoids making these remote con-
texts a serial dependency by retrieving them asynchronously
through an RDMA transport augmented with GPUDirect
RDMA (GDR). After the storage node identifies the clos-
est historical prefix, the compute node issues non-blocking
RDMA reads for the context objects required by the selected
execution path. With GDR, retrieved contexts can be placed
directly into GPU-accessible memory, avoiding extra host-
side staging and reducing the CPU-mediated copy overhead
that would otherwise appear on the inference critical path.

For compact contexts, Trident schedules retrieval accord-
ing to the point at which each reuse path consumes them. In
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Sequence Reuse, Trident fetches the historically generated
token sequence together with its draft probabilities as the
draft verified by the target model. In Probability Reuse, it
fetches historical target probability distributions while the
local draft model constructs the current draft tree and proba-
bilities. Given the small footprint of these compact contexts,
Trident transfers them through RDMA into VRAM while
local drafting proceeds, ensuring that the retrieved sequence
and probability data are ready when verification begins.

KV cache requires additional handling because it is much
larger and is needed mainly when execution-path transitions
expose missing target-model state. In Probability Reuse, the
compute node verifies draft tokens using historical target
probabilities and therefore bypasses the target model’s for-
ward pass. If recursive similarity re-evaluation later routes
the request to standard recomputation, the compute node
may not have the local KV tensors needed to continue target-
model execution from the current prefix.

To close this gap, Trident makes KV-cache restoration
range-aware and asynchronous. The compute node first de-
rives the token range needed to resume from the current
generated prefix and includes this range in the KV-cache
fetch request. The storage node then slices the KV cache of
the highest-similarity historical prefix before transmission,
retaining only the entries aligned with the current prefix and
filtering out future-token states that would be stale for the
current request. During a transition from Probability Reuse
to SD-based Recomputation, this slicing preserves the se-
mantically aligned KV-cache segment and truncates the mis-
matched segment. Removing the divergent entries prevents
mismatched KV states from propagating into subsequent de-
coding. The sliced KV segment is transferred asynchronously
over a GDR-backed RDMA path directly into VRAM. Tri-
dent restores the cache layer by layer as KV tensors arrive,
appending each restored segment to the existing local KV
cache and allowing remote transfer to proceed in parallel
with local recomputation. This pipelined restoration enables
the target model to resume from the reconstructed prefix
state without waiting for the full KV cache to be fetched or
rebuilding the missing cache from scratch.

The truncated KV tensors are transferred through a layer-
wise restoration pipeline. Instead of waiting for the entire
KV cache to arrive before resuming computation, Trident
restores the cache layer by layer, allowing remote fetching
and local target-model execution to proceed in a pipelined
manner. Because path transitions are triggered after recur-
sive similarity checks, the restored historical KV segment
corresponds to a prefix that remains closely aligned with
the current request up to the transition point. By applying
asynchronous RDMA retrieval to generated token sequences,
target probabilities, and KV cache, Trident keeps remote con-
text access off the critical path whenever independent local
work is available, while avoiding full KV-cache reconstruc-
tion during execution-path changes.
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3.4 Approximation of the Similarity-Quality
Correlation

Trident’s similarity-driven path selection relies on a light-
weight similarity metric that relates input-prefix alignment
to generation quality. We approximate this relationship across
token and representation spaces. At runtime, Trident uses
Jaccard similarity to compare an incoming prefix with the
best retrieved historical prefix. To relate the token-set sim-
ilarity score to generation behavior, Trident maps it to the
cosine similarity between the corresponding hidden states,
where semantic deviation can be bounded. The resulting
bound provides the quantitative basis for distinguishing safe
historical-context reuse from SD-based Recomputation and
for selecting the appropriate reuse path. Figure 4 shows
how this similarity drives Trident’s execution paths: high-
similarity prefixes enter Sequence Reuse, medium-similarity
prefixes enter Probability Reuse, and low-similarity prefixes
fall back to SD-based Recomputation. Trident recomputes
the similarity after each decoding step and switches paths
when the continuation drifts from the retrieved history.

Similarity Metric. Trident uses token-level Jaccard simi-
larity as a lightweight score for identifying potential reuse
candidates. We denote the set of unique tokens derived from
a prefix p by 7 (p). The similarity score J is defined as:

|T(pcurr) N T(Phist)l
|T(pcurr) U T(Phist)l

Trident interprets this score as the routing signal to select
distinct execution paths for the current decoding step.

j(Pcurra phist) = (1)

e High-similarity prefixes (J > 7p;41) are strongly
aligned with the historical prefix and are routed to
Sequence Reuse, where Trident uses the historical se-
quence as the draft for verification.

e Medium-similarity prefixes (t;0,, < J < Tpign) re-
tain enough semantic alignment for probability-level
reuse and are routed to Probability Reuse, where Tri-
dent leverages historical target probabilities while gen-
erating prefix-specific draft tokens.
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e Low-similarity prefixes (J < 7,.,) lack a safe reuse
opportunity and fall back to standard SD-based Re-
computation, preserving correctness and producing
new historical contexts for future reuse.

Mapping from Jaccard Similarity to Cosine Similar-
ity. The Jaccard score is suitable for online routing, but gen-
eration quality is affected by the model’s hidden-state devia-
tion. Trident therefore maps token-level Jaccard similarity
to hidden-state cosine similarity using the empirical rela-
tionship derived from statistical analysis. Specifically, we
sample 600K prompts from the real-world ShareGPT and
QQP datasets. For each prefix, we compute the Jaccard simi-
larity and the cosine similarity between the corresponding
hidden states, and derive a statistical mapping between the
two measurements. This empirical relationship allows Tri-
dent to translate the derived cosine-similarity bounds into
Jaccard thresholds for online routing. For the retrieved hid-
den state h, and the new hidden state h,, we denote their
Cosine Similarity as cs.

CosSim(hy, hy,) = cs (2)

This mapping bridges the gap between an efficient token-
level routing metric and a continuous measure of semantic
similarity in the model representation space.

Semantic Loss Constraint. After obtaining the hidden-
state cosine similarity, we establish a semantic-loss inequal-
ity by decomposing the hidden state and constraining the
deviation of the top-probability tokens. Given cosine sim-
ilarity cs, we decompose the current hidden state into an
aligned component and an orthogonal perturbation:

hy,=cs-h, + Bhy, 3)

Here h,, is orthogonal to h,, so the inner product A, - h,
isolates the projection coefficient of h,, and the unit-norm
constraint |h,| = |h,| = 1 identifies the coefficient as the co-
sine similarity. This orthogonal decomposition separates the
portion of h, that preserves the retrieved prefix semantics
from the portion that may perturb the next-token distribu-
tion.

For the Probability Reuse path, reusing historical target
probabilities perturbs the output distribution and degrades
generation quality. To bound this deviation, we require the
normalized logits of the top-m probability tokens to remain
close under the retrieved and current hidden states [29].
Let L, denote the normalized logit of the current prefix, L,
the normalized logit of the retrieved prefix, and L,,;, the
normalized logit of the lowest-probability token among the
top-m candidates. A normalized logit is the projection of the
prefix hidden state onto the corresponding token direction.
Under the hidden-state decomposition, the logit deviation
comprises changes along the retrieved direction and an or-
thogonal perturbation, whose magnitude we bound using
a high-dimensional isotropic approximation. This analysis
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relates hidden-state cosine similarity to the top-m logit devi-
ation, with L,,;, serving as a conservative stability margin.
Since the top-ranked candidates have a nontrivial margin
over L,,in, we impose the following sufficient constraint:

|Ln - Lr| < |Lmin| (4)

This constraint limits the hidden-state perturbation to a
range that preserves the stability of the high-probability
candidate set.

For the Sequence Reuse path, the execution strategy fun-
damentally shifts. Instead of generating draft tokens sequen-
tially, Sequence Reuse adopts an entire historical token se-
quence. Therefore, without a draft model dynamically condi-
tioning on the prefix at each step, any initial semantic pertur-
bation between the current and retrieved hidden states accu-
mulates across the sequence. These errors cascade through
the sequence, causing the expected semantic deviation to
scale with the square root of the accepted sequence length
VK. To guarantee that the cumulative deviation stays within
the margin L,,;,, we tighten the single-step tolerance.

|Lmin|
VK

Combining Inequalities (4) and (5) with Equation (3) yields
a cosine-similarity inequality.

Cosine Similarity Lower Bound and Jaccard Selec-
tion. Using the semantic-loss inequality, we derive lower
bounds on the hidden-state cosine similarity required by the
Probability Reuse and Sequence Reuse paths and then map
these values back to the corresponding Jaccard similarity.
We first define Ly as the k-th largest normalized logit of the
top-m probability tokens from the retrieved prefix. Then,
the Lambert Function W [15, 32] is used to represent Ly as
a function of the vocabulary size N, the hidden dimension
D, and the number of top candidates m. Finally, we use Ly,
D, m, and cs to represent |L,, — L,| and Ly,;,, converting the
semantic-loss constraint into a numerical lower bound on
the cosine similarity required for reuse.

|Ln _Lr| <

®)

2
1-L;
D-1

L, — L] <(1—¢s) L+ V1—cs?-2

(6)

With these settings, the cosine-similarity requirement de-
rived from Inequalities (4) and (5) stabilizes around cs = 0.803
for Sequence Reuse and cs = 0.561 for Probability Reuse. Sub-
sequently, we evaluate prompts across the ShareGPT and
QQP datasets to statistically map the cosine similarity to Jac-
card similarity. The two cosine similarities above are mapped
to Jaccard similarities of 0.89 and 0.51, respectively.

We therefore set 7, = 0.89 and 75,,, = 0.51 as correctness-
preserving bounded-reuse thresholds for Sequence Reuse
and Probability Reuse. During inference, prefixes below zj,.,,
are recomputed, while prefixes above it can reuse historical
context through Probability Reuse or, if they exceed 74,
Sequence Reuse. Because Trident recomputes J after each

Zhuoer et al.

decoding step, the threshold also supports dynamic path
correction when a reused prefix begins to diverge from the
current generation.

Model Adaptation and Applicability. Trident’s reuse
thresholds transfer across the evaluated workloads with-
out workload-specific calibration. It derives the empirical
Jaccard-to-cosine mapping offline from a large, diverse prompt
set and observes that the mapping remains consistent across
the evaluated workloads. Trident can therefore apply the
thresholds derived for a target model to different workloads
without per-workload profiling or tuning.

Trident adapts reuse thresholds to a new target model
through a one-time offline procedure that requires no costly
online recalibration. For each model, Trident combines the
vocabulary size, hidden dimension, number of top-probability
tokens, and Sequence Reuse length to solve the semantic-loss
inequalities for both reuse paths. It then converts the result-
ing cosine-similarity requirements into 7,,, and x4, With
the Jaccard-to-cosine relationship. Although these thresholds
depend on the target model’s configuration, substituting the
configurations of the evaluated models into the semantic-loss
inequalities changes the resulting bounds only marginally.
The models therefore produce nearly identical thresholds,
allowing Trident to use one shared threshold pair. A new
configuration only requires rerunning this procedure before
inference, without introducing any online overhead.

4 Evaluation
4.1 Experimental Setup

Models. We evaluate Trident on three target LLMs that cover
different serving scales: LLaMA2-7B [59], Vicuna-13B [13],
and LLaMA2-70B [59]. For training-free SD engines that re-
quire a draft model, we pair LLaMA2-7B with JF68M, Vicuna-
13B with JF160M, and LLaMA2-70B with LLaMA2-7B.
Testbed. Our experiments use a disaggregated compute-
storage deployment with a single compute-storage pair for
end-to-end model evaluation and extend to multiple compute
and storage nodes for the storage-node scalability analysis
(Section 4.5). The compute-node GPU is selected according to
each model’s memory footprint. LLaMA2-7B and Vicuna-13B
run on a 48GB NVIDIA RTX 6000 Ada GPU with a 2.6GHz
Intel Xeon Gold CPU. LLaMA2-70B runs on a 96GB NVIDIA
RTX PRO 6000 GPU. Since the 70B model cannot fit within
GPU memory during serving, we keep 40 FP16 layers on the
GPU and offload the remaining layers to CPU DRAM. The
storage node uses a 2.6GHz Intel Xeon Gold CPU and 256GB
DRAM to store historical contexts. The compute and storage
nodes communicate through 200 Gbps InfiniBand HDR with
RDMA. We initialize Trident with an empty storage node
at the beginning of each experimental run. Therefore, all
reported performance measurements include the storage-
node warm-up time required to populate the database. The
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Figure 5. End-to-end TBT comparison of Trident against existing AR and SD baselines across datasets and model scales.

measurements use compute-local index lookup with remote
RDMA context storage on a single storage node.

Datasets. We evaluate Trident on five workloads con-
structed from three public datasets, chosen to stress different
forms of cross-request locality in LLM serving. The first three
workloads are derived from ShareGPT [55], a collection of
real conversational traces that captures the heterogeneity of
deployed chat services. We partition these traces into ques-
tion answering (SG-QA), open-ended creation (SG-Create),
and text continuation (SG-Cont), so that the evaluation cov-
ers both structured user requests and open-ended generation.
To complement these workloads, we further include the Se-
mantic Textual Similarity benchmark (STS-B) [21, 45, 48],
which provides sentence pairs with controlled lexical and
semantic relatedness, and the Quora Question Pairs dataset
(QQP) [26], which contains user-facing questions with nat-
urally recurring intents and paraphrases. Together, these
workloads span broad prefix-similarity patterns, allowing
us to evaluate whether similarity-driven routing can exploit
reusable historical contexts without exact prompt matches.

Baselines. We organize the baselines into two groups
to separate improvements from serving-system engineer-
ing and improvements from SD. The first group consists
of autoregressive baselines that execute standard token-by-
token decoding. We include HuggingFace Autoregression
(HF-AR) [63], an LLM inference autoregressive implemen-
tation, and vLLM [31], an optimized inference and serving
system that improves serving efficiency through PagedAtten-
tion and optimized KV-cache management. These baselines
quantify the performance of optimized AR serving without
candidate speculation or cross-request context reuse.

The second group consists of SD-based non-AR serving
systems. We first evaluate vLLM with standard SD [31] to
isolate the benefit of speculative execution atop vLLM’s serv-
ing optimizations. We then compare against representative
SD frameworks that improve draft generation or verifica-
tion. Speclnfer [46] constructs and verifies token trees using
lightweight draft models. Sequoia [12] optimizes draft-tree
construction to improve acceptance. Medusa [8] attaches
multiple prediction heads to the target model and gener-
ates draft tokens in parallel without a separate draft model.

Hydra [1] extends this multi-head design by introducing se-
quential dependencies among draft heads. These frameworks
represent the main design space of existing SD acceleration,
while Trident adds a complementary cross-request reuse
dimension. We exclude Medusa and Hydra from LLaMA2-
70B experiments because training their additional prediction
heads at this scale is beyond our available GPU capacity.

4.2 Overall Performance

We evaluate Trident’s end-to-end decoding efficiency using
TBT across all workloads and model scales. Figure 5 shows
that Trident consistently delivers the lowest latency among
all evaluated AR and SD frameworks. The consistent advan-
tage over both AR engines and SD baselines indicates that
similarity-driven context reuse complements conventional
speculative decoding rather than replacing only a single op-
timization stage. Overall, Trident reduces TBT by 69.2% on
average over AR serving and outperforms existing training-
free SD frameworks by 30.3%.

Trident’s relative advantage increases with model scale.
Averaged over all workloads, Trident reduces TBT over AR
serving by 57.2% on LLaMA2-7B and by 87.4% on LLaMA2-
70B. This is because Trident accelerates the parts of spec-
ulative decoding whose cost scales with model size. SD al-
ready amortizes one target-model invocation across multiple
accepted tokens, which makes it increasingly valuable as
target-model forwarding becomes more expensive. Trident
further reduces the remaining SD cost by reusing historical
sequences or target probabilities when the retrieved prefix
is sufficiently aligned with the current request. As the target
model grows, forward passes become increasingly dominant
in the decoding budget, and the cost of verification becomes
more pronounced. Therefore, bypassing draft generation
and target verification yields larger absolute savings, which
translate into stronger relative speedups on larger models.

AR and SD serving engines exhibit distinct scaling be-
havior in Figure 5. The two AR engines, HF-AR and vLLM
without SD, remain bound to one target-model forward pass
per generated token and therefore exhibit higher TBT than
other frameworks. vLLM benefits from PagedAttention on
LLaMAZ2-7B and Vicuna-13B, reducing TBT by 17.9% over
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Figure 7. BERTScore-based semantic similarity between
Trident and lossless SD outputs across workloads.

HF-AR through efficient KV-cache management. This advan-
tage reverses on LLaMA2-70B, where vLLM becomes 35.5%
slower because model serving requires offloading and turns
page-level KV lookup into a visible latency bottleneck.

SD baselines mitigate the AR bottleneck by verifying mul-
tiple drafted tokens per target-model invocation. vLLM with
SD therefore improves over vLLM without SD, with the
largest gain on LLaMA2-70B, where it reduces TBT by 65.3%.
Among trained-head methods, Hydra reduces TBT by 16.6%
on average over Medusa, since each head conditions on the
partial draft produced by earlier heads and thus improves
acceptance. As for training-free methods, Sequoia reduces
TBT by 31.4% over SpecInfer by allocating more draft-tree
capacity to branches with higher acceptance potential rather
than expanding candidates uniformly. These optimizations
improve intra-request speculation, but they still regenerate
drafts, rebuild intermediate state, and verify candidates from
scratch. Trident removes this redundant work by similarity-
driven context reuse, reducing TBT by 17.3% over Sequoia
and achieving the lowest latency across all configurations.

4.3 Similarity Analysis

To isolate how cross-request locality affects Trident, we con-
struct a controlled similarity-performance study on Vicuna-
13B using ShareGPT, STS-B, and QQP. Their original average
prefix Jaccard similarities are 0.33, 0.63, and 0.71, respectively,
which provide limited points in the similarity space and are
insufficient to cover the full similarity spectrum. We there-
fore synthesize workloads with target average similarities
from 0.55 to 0.95 through stratified sampling over Jaccard-
similarity buckets. For ShareGPT, we first compute pairwise
similarities among original requests, form request pairs, and

then sample from the resulting buckets. For STS-B and QQP,
we use their native sentence pairs, bucket them by Jaccard
similarity, and choose sampling ratios that match each target
similarity. We then measure TBT and Trident’s execution-
path distribution on each workload, linking latency trends
to shifts among SD-based Recomputation, Probability Reuse,
and Sequence Reuse. Figures 6 and 8 report these results.

Existing SD frameworks show little sensitivity to work-
load similarity in Figure 6. Their execution remains confined
within each request, so they continue to build draft candi-
dates and invoke verification even when many incoming
prefixes closely resemble prior ones. Trident converts the
same cross-request locality into lower TBT. As the average
prefix similarity rises from 0.55 to 0.95, more retrieved histo-
ries remain compatible with the current prefix, increasing
the opportunity to reuse historical sequences or target proba-
bilities. Consequently, Trident’s average TBT reduction over
Sequoia and SpeclInfer increases from 19.1% to 31.1%. Figure 8
confirms the source of this gain. The share of requests han-
dled by SD-based Recomputation drops from 83.6% to 57.3%,
while Sequence Reuse and Probability Reuse expand accord-
ingly. This shift indicates that OMH-verified LSH retrieves
prefixes with sufficient alignment for reuse, and that Tri-
dent can convert those matches into lower decoding latency
without placing remote retrieval on the critical path.

The effectiveness of similarity-driven reuse varies with
the extent to which lexical overlap captures reusable model-
state and continuation alignment. The largest TBT reduc-
tion appears on ShareGPT, where Trident reduces TBT by
23.3% as the workload similarity grows from 0.55 to 0.95, be-
cause real conversational requests often reuse templates and
discourse structure. OMH-verified LSH therefore retrieves
historical prefixes that remain compatible with the current
request, allowing more queries to enter Sequence Reuse and
Probability Reuse to sustain high draft acceptance during
target-model verification. QQP and STS-B expose weaker
forms of reusable locality, with TBT reductions of 16.9% and
9.0%, respectively. QQP retains moderate reuse opportuni-
ties because paraphrases often share intent, while STS-B
weakens reuse by pairing lexically similar sentences with
divergent continuation behavior.
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Figure 9. Generation quality and distributional fidelity of under adversarial-robustness evaluations.

Probability Reuse compared with lossless SD. Trident incurs negligible semantic loss from Probability

Reuse across QA datasets in Figure 9a. We compare Probabil-

Trident preserves generation quality despite imperfect ity Reuse with lossless SD on Vicuna-13B using end-to-end
matches. We evaluate quality by comparing Trident’s out- QA F1 across five datasets. Lossless SD and Probability Reuse
puts with those of lossless standard SD using BERTScore [71]. achieve nearly identical F1 scores on the same datasets, yield-
As shown in Figure 7, precision, recall, and F1 remain above ing an average difference of 1.2% compared to each other.
0.95 for every workload and model size. Verification rejects Trident limits these gaps by reusing historical target proba-
mismatched drafts, and recursive similarity checks route exe- bilities only when prefix similarity satisfies the semantic-loss
cution back to SD-based Recomputation when reuse becomes bound and constructing a fresh draft tree for the current pre-
unsafe. This allows Trident to exploit genuine matches while fix. This combination bounds distributional error without
preventing inaccurate reuse from degrading output quality. copying the historical response, allowing Probability Reuse

to avoid target-model recomputation while maintaining an-
4.4 Probability Reuse Analysis swer quality close to lossless SD.
We conduct generation-quality and adversarial-robustness Trident’s Probability Reuse closely preserves the target-
evaluations to assess the semantic fidelity and performance probability distributions produced by lossless SD. Figure 9b
characteristics of Probability Reuse. The end-to-end quality reports the median per-token KL divergence between the
evaluation compares Probability Reuse with lossless SD on reused historical target probabilities and the corresponding
Vicuna-13B using QA F1 across SQuUAD [54], TriviaQA [27], probabilities computed by lossless SD over all verified decod-
Quoref [16], DROP [20], and HotpotQA [66]. The distribution- ing positions of Probability-Reuse requests. The per-token
fidelity evaluation measures per-token KL divergence be- KL divergence remains between 0.014 and 0.034 across all
tween reused and target probabilities recomputed by lossless five workloads, with STS-B at the upper end of this range.
SD, over all verified decoding positions of Probability-Reuse By contrast, historical and current distributions from prefix
requests, on SG-QA, SG-Create, SG-Cont, STS-B, and QQP. pairs below the reuse threshold have a median KL diver-
For each dataset, we sample original prompts to construct gence of 1.70, up to two orders of magnitude larger. This
adversarial high-similarity pairs. We create each adversar- separation shows that Trident, guided by the semantic-loss
ial variant by replacing words with antonyms or inserting bound, rejects poorly aligned contexts and admits reuse only
negations, thereby introducing polarity reversals, semantic when historical probabilities are reasonably well aligned
negation, or conflicting instructions. We submit these adver- with the current target distribution. STS-B has higher diver-
sarial pairs and truly similar pairs from the same dataset to gence because it contains more adversarial high-similarity
Trident. The adversarial-robustness evaluation then applies prompts, in which substantial lexical overlap masks semantic
OMH-verified LSH to both groups and compares their same- conflicts. These prompts can retain high token-level simi-
bucket placement rates. Finally, the end-to-end performance larity and therefore resemble valid reuse candidates, even
evaluation compares the TBT of both groups to determine though their next-token distributions are less aligned. Con-

how OMH-verified LSH affects decoding latency. sequently, the historical probability deviates more from the
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Figure 11. Performance of Trident’s remote storage layer
across deployment configurations.

tokens favored by the current prefix, increasing per-token
KL divergence. Nevertheless, the divergence remains low
among STS-B because OMH verification and the semantic-
loss threshold reject stronger mismatches, while recursive
checks stop reuse after divergence.

Trident distinguishes genuine reuse opportunities from
adversarial lexical lookalikes across all five datasets in Fig-
ure 10. OMH-enabled LSH places 96.80% of truly similar
pairs in the same bucket on average, compared with only
6.00% of adversarial high-similarity pairs. The OMH-verified
LSH mechanism thus preserves high recall for reusable con-
texts while rejecting false matches from adversarial pairs.
Figure 10 also shows that truly similar pairs achieve an aver-
age 1.15x TBT speedup over adversarial pairs. OMH-verified
LSH identifies these genuine matches, enabling Probability
Reuse to generate a fresh draft tree while substituting histor-
ical target probabilities for costly target-model verification.
Both experiments show that Trident routes most adversarial
pairs to SD-based Recomputation, which preserves quality
but increases TBT by retaining target-model computation.

4.5 Storage Analysis

We evaluate whether Trident’s disaggregated storage layer
can sustain similarity-driven context reuse without turning
communication into the new decoding bottleneck. Compact-
context retrieval measures the latency of fetching several-KB
historical token sequences, while KV-cache retrieval mea-
sures the bandwidth available for restoring several-GB cache
tensors. The evaluation covers four compute-storage config-
urations, 1c-1s, 1c-2s, 2c-1s, and 2c-2s, where ¢ and s denote
compute and storage nodes.

For compact context retrieval, we vary the number of
threads from 1 to 16 and report the average latency in Fig-
ure 11a. The average retrieval time rises from 2.65 us to
2.85 pus across the evaluated topologies. This stability indi-
cates that Trident’s remote lookup path scales with concur-
rent requests and avoids per-link contention. OMH-verified
LSH confines each lookup to a small candidate bucket, while
the RDMA transport moves the selected context without
CPU-mediated copying. The retrieval cost therefore stays
low enough to be overlapped with local execution.

For KV-cache retrieval, Figure 11b shows that a single
thread achieves 191 Gbps, and 16 threads sustain about
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195 Gbps in aggregate, close to the 200 Gbps InfiniBand
bandwidth. This behavior is consistent across all configu-
rations, indicating that large KV-cache restoration remains
efficient as compute and storage nodes scale out. GDR-based
data placement avoids unnecessary host copies, read-only
pipelined retrieval overlaps transfer with restoration, and
asynchronous write-back keeps newly generated context
insertion outside the critical path. Overall, Trident’s remote
storage layer delivers both compact and large historical con-
texts with sufficient efficiency for its decoding pipeline.

5 Discussion

Trident’s cross-request reuse introduces potential quality
degradation under imperfect semantic matches. OMH-verified
LSH retrieves prefixes with similar token content, but this
similarity does not guarantee semantic consistency. Proba-
bility Reuse may therefore apply mismatched historical tar-
get probabilities. Trident limits this by admitting historical
probabilities only when similarity satisfies the semantic-loss
bound and switching to SD-based Recomputation when sim-
ilarity falls below the threshold.

Multi-tenant serving introduces a privacy risk because
shared data stores may retrieve contexts derived from an-
other tenant’s request. Both Sequence Reuse and SD-based
Recomputation preserve lossless generation because their
drafts are verified by the target model. Therefore, they re-
ject unsupported drafts, preventing retrieved content from
altering output distributions. Probability Reuse is privacy-
sensitive because it uses historical probabilities that can in-
fluence outputs. Multi-tenant deployments should therefore
isolate Probability Reuse indexes by tenant.

6 Conclusion

We present Trident, a similarity-driven context-reuse frame-
work for accelerating tree-based speculative decoding. Tri-
dent retrieves order-aware historical matches with OMH-
verified LSH, applies quality-aware Jaccard thresholds, and
routes execution through Sequence Reuse, Probability Reuse,
or SD-based Recomputation. Its RDMA-backed storage layer
decouples historical-context capacity from compute-node
memory and hides retrieval through asynchronous restora-
tion. Across the evaluated models and workloads, Trident
reduces average TBT by 69.2% over autoregressive serving
and outperforms training-free SD frameworks by 30.3%.
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