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Abstract
Generative recommendation (GR) relies on large-beam de-
coding to generate hundreds of candidate items, creating a
new scaling challenge for recurrent linear attention. Exist-
ing linear attention serving systems either materialize a full
recurrent state for every beam or repeatedly replay shared
history, incurring substantial memory and traffic overhead.

To address this, we present OneLA, a linear-attention de-
coding framework that exploits the shared prompt and short
divergent suffixes of GR workloads. Specifically, OneLA rep-
resents all beam states using a single shared prompt-derived
state and compact, append-only records of their divergent
transitions. Using this representation, OneLA computes only
the state information required at each decoding step, without
reconstructing a full recurrent state for every beam. Further-
more, OneLA uses a lightweight ancestry index to track the
transition records that make up each beam’s history, allow-
ing beams to be updated without moving or copying exist-
ing records. A fused GPU kernel further reuses the shared
state across beams. Our analysis shows that OneLA achieves
1.54–2.46× end-to-end decode speedups while substantially
reducing recurrent-state memory use and data movement.

Keywords: recommendation systems, attention mechanisms

∗Xiangrui Yang and Cheng Peng contributed equally to this work.
†This work was completed at Kuaishou.
‡Jiaqiang Liu and Yiming Qiu are the corresponding authors.

1 Introduction
Recommendation systems are central to modern online ser-
vices, and generative recommendation (GR) has emerged as a
practical paradigm for large-scale applications [1, 3, 9, 20, 24].
The widely adopted approach represents each item as a short
sequence of discrete semantic IDs (SIDs), thereby convert-
ing recommendation into sequence generation while retain-
ing semantic and collaborative structure [4, 11, 14–16, 22].
Recent industrial systems such as OneRec and OneReason
illustrate both the adoption and continued extension of this
formulation [9, 24]. Unlike conventional LLM serving, GR
must produce hundreds of candidate items rather than a sin-
gle sequence and therefore relies on large-beam decoding,
where candidate SID sequences are expanded and globally
selected at every step [12]. The resulting workload combines
a long shared prompt, short generated suffixes, and a large,
dynamically evolving beam.

Processing such long user histories [2] with conventional
attention incurs quadratic computation in sequence length,
which motivates the use of linear attention in GR [6]. These
modules compress token history into a fixed-size recurrent
state, substantially reducing the dependence of computa-
tion and memory on context length. We use Gated DeltaNet
(GDN) [18], widely adopted in frontier LLMs [10], as our
representative instance. However, large-beam GR turns this
fixed-size state into a new scaling problem: an independently
evolving state for every live beam makes storage and mem-
ory traffic grow sharply with beam width.
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General-purpose LLM serving systems optimize KV-cache
management and attention execution for conventional de-
coding, where each sequence owns an independent state [7, 8,
19, 23]. Their GDN execution paths inherit this assumption:
a beam either persists its own complete recurrent state or
reconstructs one from its own history, and in both cases the
state is bound to the logical beam that owns it [7, 8, 19]. This
binding is particularly costly in GR, where global beam selec-
tion reorders and duplicates beams at every decoding step,
forcing states to be copied, reconstructed, or recomputed as
the beam tree evolves [12].
We observe that full per-beam recurrent state material-

ization is fundamentally redundant. In large-beam GR, all
candidate beams within a request originate from an identical
prompt-derived recurrent state and diverge only through a
brief sequence of decode-time state transitions. Each transi-
tion can be represented compactly, allowing a beam state to
be expressed as one shared post-prefill state together with
a short sequence of branch-specific transition records. This
trades computation for memory, with replay depth bounded
by the fixed-length SID sequence. Moreover, beam selec-
tion changes only which historical records a surviving beam
refers to; it does not modify the records themselves. These
records can therefore remain immutable and append-only,
while lightweight ancestry metadata tracks the dynamically
evolving beam tree.
Based on these observations, we present OneLA, an effi-

cient linear-attention decoding framework for large-beam
GR. OneLA stores the post-prefill recurrent state once per re-
quest and represents beam-specific evolution with compact
GDN Transition Records (GTRs). Rather than using these
records to reconstruct each beam’s recurrent state, OneLA
replays them onto the two state projections that each decod-
ing step actually uses. Replay therefore costs vector rather
than matrix processing, and no per-beam recurrent matrix
is ever materialized or written back. A lightweight ances-
try index decouples dynamic beam evolution from physical
record placement, while a fused shared-context GPU kernel
reuses the shared state across beams and performs replay
entirely on chip. We also implement the OneLA prototype
and evaluate it on an industrial GR workload. The results
show that OneLA achieves 1.54–2.46× end-to-end decode
speedups over existing GDN execution paths. In summary,
this paper makes the following contributions:

• We identify beam width as a new scaling dimension
for recurrent linear attention in GR, exposing the inef-
ficiency of per-beam state management.

• We design OneLA with a shared context state, com-
pact append-only GDNTransition Records (GTRs), and
lightweight beam ancestry, and develop a fused shared-
context GPU kernel that performs on-chip projection
replay with cross-beam context-state reuse.

Prompt 𝒙

Prefill Compute

𝑺𝟎 𝑺𝟏 𝑺𝑪𝑻𝑿… 

Beam Select

SID

SID

Discarded

Selected

Figure 1. Decoding workflow for GR.

• We implement and evaluate OneLA, which achieves
1.54–2.46× end-to-end decode speedups over existing
GDN execution paths.

2 Background and Motivation
2.1 Generative Recommendation
Generative recommendation (GR) reformulates candidate
generation as autoregressive sequence generation [11, 21, 24].
Recent systems, such as OneRec, OneReason, PLUM, and
S-GRec, have established SID-based generation as a common
GR formulation [3, 5, 9, 24]: each item is represented by a
short sequence of discrete semantic IDs (SIDs), which the
model generates. Formally, an item 𝑖 is represented as s𝑖 =
(𝑠1𝑖 , . . . , 𝑠𝑇𝑖 ). Given an input prompt x, the model generates
its SID autoregressively:

∏𝑇
𝑡=1 𝑃 (𝑠𝑡𝑖 | x, 𝑠<𝑡𝑖 ).

After the generation process, the complete SID sequence
is mapped back to an item [11]. Unlike conventional text
generation, GR must produce hundreds of candidate items
rather than a single best sequence [12]. It therefore employs
large-beam decoding to explore SID sequences.

At each decoding step, all active beams are expanded over
the SID codebook, and the global top-𝑘 candidates are re-
tained [12]. Multiple surviving children may originate from
the same parent, while other parents may disappear. Con-
sequently, the parent mapping 𝜋𝑡 (𝑏) of beam 𝑏 changes
across steps, forming a dynamic beam tree. The resulting
workload combines a long shared prompt, a short generated
SID sequence, and a large dynamically branching beam [12].
That is to say, the prompt length and beam width are much
greater than the SID sequence length, i.e., 𝐿𝑝𝑟𝑜𝑚𝑝𝑡 ≫ 𝑇 and
𝑊𝑡 ≫ 𝑇 [12]. Figure 1 summarizes this workflow: prefill
computes the shared prompt, after which beam selection
expands and retains candidate SID sequences.

2.2 Gated Delta Network
The long prompts of this workload are costly for conven-
tional attention, whose computation is quadratic in sequence
length and whose KV cache grows linearly with it [6, 13].
Linear attention, such as GDN, instead uses a fixed-size re-
current state: each head compresses its preceding history
into 𝑆𝑡 ∈ R𝑑𝑣×𝑑𝑘 , updated once per token, where 𝑑𝑣 and
𝑑𝑘 denote the value and key dimensions. Specifically, GDN
processes token 𝑡 from state 𝑆𝑡−1 as follows [18]:
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Figure 2. State management in an existing framework.

𝑆𝑡 = 𝛼𝑡𝑆𝑡−1 + 𝛽𝑡 (𝑣𝑡 − 𝛼𝑡𝑆𝑡−1𝑘𝑡 ) 𝑘𝑇𝑡 ,
𝑜𝑡 = 𝑆𝑡𝑞𝑡 ,

(1)

where 𝛼𝑡 and 𝛽𝑡 control state decay and correction, respec-
tively, and 𝑞𝑡 and 𝑘𝑡 denote the query and key. We refer to
one such update, 𝑆𝑡−1 → 𝑆𝑡 , as a GDN transition step. The
state 𝑆𝑡 summarizes the history up to token 𝑡 , and the output
𝑜𝑡 reads it out along the query 𝑞𝑡 .

2.3 GDN Decoding for Generative Recommendation
Linear attention like GDN is widely adopted in frontier
LLMs [10] and works well for GR models that need to absorb
long user contexts. However, existing LLM serving frame-
works handle GDN-based large-beam GR inefficiently. The
difficulty arises when the compact recurrent representation
of GDN is combined with the large and dynamically branch-
ing beam in GR.

Among existing serving frameworks, only vLLM [7] pro-
vides native end-to-end support for GDN-based beam search.
As shown in Figure 2, the FullState path in vLLM maintains
a complete recurrent state for every live beam, resulting
in many huge full-state matrices. The ReplaySSM path in
vLLM reduces state persistence through prefix replay but
does not preserve replay history across the independent
requests created by the native beam-search path. Specifi-
cally, ReplaySSM does not explicitly distinguish the long
shared prompt from the short decode phase: it materializes a
recurrent-state checkpoint only at completed prompt-block
boundaries, potentially leaving a large prompt tail to be re-
played during decoding. Moreover, ReplaySSM treats each
beam as an independent request, requiring every beam to
separately load the cached state checkpoint and replay its
subsequent tokens. Other frameworks, including SGLang,
FlashInfer, and TensorRT-LLM, provide operator-level sup-
port for GDN modules but do not offer end-to-end GDN
serving with beam search. Overall, existing systems either
materialize recurrent state independently for each beam or
lack native end-to-end support for this workload.

Existing state-management approaches become inefficient
under this workload for two main reasons. First, although
GDN eliminates sequence-length-dependent KV storage [6,
18], the large-beam search decoding process of GR intro-
duces a new scaling dimension [12]. Maintaining an inde-
pendent state for𝑤 live beams requires Θ(𝑤𝑑𝑣𝑑𝑘 ) persistent

state capacity. The per-beam dimension also amplifies recur-
rent state reads and writebacks during every decoding step.
Second, dynamic beam evolution becomes expensive when
materialized states are bound directly to logical beams. At
every decoding step, global beam selection may reorder or
duplicate beams and change the beam width [12]. Therefore,
when materialized states are bound directly to individual
beams, these dynamic parent–child reassignments require
state copying, reconstruction, or recomputation.

These limitations expose amismatch between logical beam
evolution and existing materialized-state management. Ef-
ficient large-beam GDN decoding should therefore avoid
materializing a complete recurrent state for every beam
and decouple logical beam evolution from materialized state
placement. We next identify the key observations that enable
such a representation.

2.4 Key Insight
The above limitations stem from the assumption that each
logical beam needs to materialize a recurrent state or be
treated as an independent request. However, we derive two
key insights that enable more efficient state management.
First, the recurrent states of different beams share the

same prompt-derived origin and diverge only through a
short sequence of GDN transition steps. Moreover, each GDN
transition step can be represented by a compact tuple whose
size is substantially smaller than the full recurrent state. More
importantly, each such step consumes the recurrent state
only through two projections, so the state itself never has to
be reconstructed.

Second, the beam selection process only keeps references
to prefix beams rather than changing the original prefix
data. The selection process may reorder or duplicate par-
ents but does not modify previously generated recurrent up-
dates. Therefore, these records can remain append-only, and
lightweight ancestry information can specify which records
belong to each selected beam, avoiding state or record re-
location as beam selection proceeds. This decouples logical
beam selection from materialized state placement and en-
ables efficient sharing across dynamically branching beams.
These insights motivate a recurrent-state management

approach that separates the shared prompt-derived state,
branch-specific compact records, and logical beam ancestry,
as we show in the following sections.

3 Design
We present OneLA, a GDN attention decode framework for
industrial GR. Following the above key observation that all
beams within a request share an identical prompt-derived
state and differ only in their short decode suffixes, OneLA
leverages the insights that GDN transitions are fully cap-
tured by compact tuples and that dynamic beam evolution
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Figure 3. OneLA Overview
can be tracked via lightweight ancestry over immutable pre-
fix records. OneLA therefore decomposes state management
into a single shared post-prefill context alongside append-
only branch records, evaluating subsequent tokens via pro-
jection replay without materializing per-beam recurrent ma-
trices.

3.1 Design Overview
For the GR decoding process, we use 𝑡 to denote the current
decoding step,𝑊𝑡 the number of active beams at step 𝑡 , and
𝑏 ∈ {0, . . . ,𝑊𝑡 − 1} a beam at that step. For 𝑡 > 0, 𝜋𝑡 (𝑏)
denotes the parent of beam 𝑏 selected from the preceding
step. We denote by 𝑆ctx the recurrent state produced after
prompt prefill, which is shared by all beams within the same
request. For exposition, 𝑆𝑡,𝑏 denotes the conceptual recurrent
state of beam 𝑏 after decode step 𝑡 , which is not materialized
in OneLA. Unless noted, we describe one request and one
GDN head and omit request and head indices for clarity.

As shown in Figure 3, OneLA represents each beam as the
shared post-prefill state 𝑆ctx together with a short sequence
of branch-specific state transitions, instead of materializing
an independent recurrent state 𝑆𝑡,𝑏 for every beam. Based on
this representation, OneLA consists of two key components.
First, it retains 𝑆ctx and reconstructs the state-dependent
computation of each beam by replaying only its short se-
quence of branch-specific transitions. Second, OneLA de-
couples logical beam evolution from physical state storage
through lightweight beam ancestry. Together, these compo-
nents allow OneLA to share the prompt-derived state across
beams while maintaining only lightweight branch-specific
information as the beam tree evolves dynamically.

3.2 OneLA State Representation
To avoid materialization of a full recurrent state for every
beam, OneLA represents each beam’s recurrent evolution
using a shared post-prefill state together with a short se-
quence of compact GDN Transition Records (GTRs). During
decoding, OneLA replays these records directly on the state
projections, reproducing the original GDN computation. For
clarity, we omit the beam index 𝑏 throughout this subsection.
Compact update records. In OneLA, at decoding step 𝑡 ,
the GDN recurrent update can be written as

𝑆𝑡 = 𝛼𝑡𝑆𝑡−1 + 𝛽𝑡 (𝑣𝑡 − 𝛼𝑡𝑆𝑡−1𝑘𝑡 ) 𝑘⊤𝑡
= 𝛼𝑡𝑆𝑡−1 + 𝛿𝑡𝑘⊤𝑡 ,

(2)

where 𝑆𝑡−1 is the state of the selected parent beam, with the
shared post-prefill state 𝑆ctx serving as the initial state. We
refer to 𝑟𝑡 = (𝛼𝑡 , 𝛿𝑡 , 𝑘𝑡 ) as aGDN Transition Record (GTR),

= + = +

𝑆! 𝑆!"# 𝛿!𝑘!$ 𝑆!𝑞! 𝑆!"#𝑞! Scalar

One State Update

𝑘!$𝑞!

Projection replay

𝑆%!&𝑞! 𝑆'𝑞! 𝑆!"#𝑞! 𝑜!

𝛿!

⋅ 𝑞!𝛼! 𝛼!

𝑟!𝑟' 𝑟#⋯𝑟!"#

Figure 4. Projection replay in vector form.

in which 𝛿𝑡 = 𝛽𝑡 (𝑣𝑡 − 𝛼𝑡𝑆𝑡−1𝑘𝑡 ). Given the parent state, a
GTR completely determines the transition to the child state.
In our design, OneLA stores 𝑆ctx only once and records

each GDN transition step by appending one GTR for each
generated beam candidate, instead of persistently materi-
alizing a full 𝑑𝑣 × 𝑑𝑘 recurrent matrix (𝑂 (𝑑𝑣𝑑𝑘 )) for every
active beam as conventional FullState designs do. Because a
GTR consists only of a scalar decay factor, a 𝑑𝑣-dimensional
update vector, and a 𝑑𝑘 -dimensional key vector, each transi-
tion requires merely 𝑂 (𝑑𝑣 + 𝑑𝑘 ) storage. We store 𝛿𝑡 rather
than the underlying (𝛽𝑡 , 𝑣𝑡 ) because replay never needs the
state matrix itself, only its projections onto the current query
and key, to which a record contributes 𝛿𝑡 scaled by a single
dot product. Keeping (𝛽𝑡 , 𝑣𝑡 ) instead leaves the contribution
dependent on the parent state 𝑆𝑡−1, which would have to be
reconstructed before the record could be used, defeating the
purpose of the record.
Projection replay Although representing beams as GTR se-
quences eliminates persistent matrix storage, computing the
subsequent decode step still requires the historical state con-
text. Crucially, a GDN layer interacts with the prior state 𝑆𝑡−1
solely through two vector contractions: the key projection
𝑆𝑡−1𝑘𝑡 (for the update 𝛿𝑡 ) and the query projection 𝑆𝑡−1𝑞𝑡
(for the output 𝑜𝑡 ). Rather than reconstructing the interme-
diate 𝑑𝑣 × 𝑑𝑘 matrix on the fly, OneLA performs projection
replay to evaluate these two projections directly across the
ancestral chain of GTRs, as illustrated in Figure 4.

At decode step 𝑡 , consider the sequence of GTRs 𝑟0, . . . , 𝑟𝑡−1
along the ancestry of the current beam. For the current
query 𝑞𝑡 and key 𝑘𝑡 , we define a query-projection accumula-
tor 𝑢 ( 𝑗 )

𝑞 ≡ 𝑆 𝑗𝑞𝑡 and a key-projection accumulator 𝑢 ( 𝑗 )
𝑘

≡ 𝑆 𝑗𝑘𝑡 ,
where 𝑗 denotes the replay depth along the beam ancestry.
Specifically, right-multiplying the state transition in Equa-
tion 2 by 𝑞𝑡 or 𝑘𝑡 gives the following recurrences. Starting
from the shared context,

𝑢
(−1)
𝑞 = 𝑆ctx𝑞𝑡 , 𝑢

( 𝑗 )
𝑞 = 𝛼 𝑗𝑢

( 𝑗−1)
𝑞 + 𝛿 𝑗

(
𝑘⊤𝑗 𝑞𝑡

)
,

𝑢
(−1)
𝑘

= 𝑆ctx𝑘𝑡 , 𝑢
( 𝑗 )
𝑘

= 𝛼 𝑗𝑢
( 𝑗−1)
𝑘

+ 𝛿 𝑗
(
𝑘⊤𝑗 𝑘𝑡

)
,

0 ≤ 𝑗 < 𝑡 . (3)

After replaying through 𝑗 = 𝑡 − 1, the accumulators di-
rectly provide the two projections required by the current
GDN computation. The current GDN update and output can
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therefore be evaluated as

𝛿𝑡 = 𝛽𝑡

(
𝑣𝑡 − 𝛼𝑡𝑢 (𝑡−1)

𝑘

)
,

𝑜𝑡 = 𝛼𝑡𝑢
(𝑡−1)
𝑞 + 𝛿𝑡

(
𝑘⊤𝑡 𝑞𝑡

)
.

(4)

Thus, projection replay requires only two 𝑑𝑣-dimensional
accumulators per beam and value head, without materializ-
ing any intermediate 𝑑𝑣 × 𝑑𝑘 recurrent state.

3.3 Dynamic Beam Ancestry Index
OneLA’s state representation uses a shared context state 𝑆ctx
together with a short sequence of ancestral GTRs to replay
a candidate beam. Under dynamic beam search in the real
world, however, global beam selection may prune, reorder,
or fan out beams, so a logical beam can hardly be bound to a
fixed set of physical records. As pointed out previously, these
operations do not modify the previously generated transition
records and only update which records are referenced by
each surviving beam. OneLA therefore keeps GTRs append-
only in their original physical slots and tracks dynamic beam
evolution separately through a lightweight ancestry index.
Specifically, for beam 𝑏 at decoding step 𝑡 , we define

ℎ𝑡 (𝑏, 𝑗) as the physical slot for the GTR at decode step 𝑗 ,
𝑗 < 𝑡 , along the ancestry of 𝑏. Let 𝜋𝑡 (𝑏) denote the parent of
beam 𝑏. The ancestry index is updated as follows:

ℎ𝑡 (𝑏, 𝑗) =
{
ℎ𝑡−1(𝜋𝑡 (𝑏), 𝑗), 0 ≤ 𝑗 < 𝑡 − 1,
𝜋𝑡 (𝑏), 𝑗 = 𝑡 − 1.

(5)

Each child reuses the ancestry indices of its selected parent
and records the parent’s physical slot for the immediately
preceding decoding step. Newly generated GTRs are writ-
ten once to the physical slots of the current decoding step
and are never relocated afterward. The logical beam tree is
therefore represented entirely by the ancestry indices, while
the underlying GTRs remain immutable.
This indirection decouples logical beam evolution from

physical record placement. Specifically, beam pruning dis-
cards references, reordering changes their order, and fan-out
duplicates only ancestry indices rather than copying the
corresponding GTR chains. Consequently, dynamic beam
selection requires no movement or duplication of historical
GTRs. The projection replay can directly retrieve the record
at depth 𝑗 as 𝑟 𝑗,ℎ𝑡 (𝑏,𝑗 ) , obtaining the exact GTR sequence
associated with each current beam.

3.4 Fused Shared-Context Attention Kernel
The compact state representation removes per-beam full-
state persistence, but its memory benefits must also be pre-
served during GPU execution. In particular, 𝑆ctx is shared
across beams and should not be repeatedly fetched from
HBM, while the transient projections used during replay
should not be materialized in memory. We therefore design
a fused GDN attention kernel that exploits cross-beam reuse
of 𝑆ctx and keeps projection replay entirely on chip.

Thread block
shared across warp (reuse Sctx)

…

load once

Sctx[BV, K]
beam tile 0

Inputs (step t)

K columns
beam tile 1 beam tile BG-1
K columns K columns

data inputs replay/lookup compute/update gates/scalars

vtqt kt
uq

uk

ot

projection replay
(ancestry-aware) compute update + write

Ancestry Index lookup ht (b, j)

j =0, …, t-1

rt =(αt , δt , kt)(αt , δt , kt)

write ot

compact append

α δ k

Figure 5. Shared-Context Attention Kernel

To exploit cross-beam reuse, OneLA assigns each GPU
thread block a 𝐵𝑉 -row tile in the value dimension together
with a group of beams. As shown in Figure 5, the block
loads the corresponding 𝑆ctx [𝐵𝑉 , 𝑑𝑘 ] tile once into on-chip
storage and reuses it across the beam tiles processed by the
block. This amortizes the cost of reading 𝑆ctx from HBM
across multiple beams instead of incurring the same state
read independently for every beam.

Within each thread block, the kernel fuses shared-context
projection, ancestry-aware replay, and the current GDN up-
date into one execution flow. For the current beam tile, the
block first loads the current query, key, value, and gate inputs,
and initializes two projection accumulators, 𝑢𝑞 = 𝑆ctx𝑞𝑡 and
𝑢𝑘 = 𝑆ctx𝑘𝑡 , using the context state tile 𝑆ctx [𝐵𝑉 , 𝑑𝑘 ]. It then
replays the ancestral GTRs selected by the ancestry index
in the following steps. First, at replay depth 𝑗 , the ancestry
index ℎ𝑡 (𝑏, 𝑗) maps the logical ancestry position of beam
𝑏 to the corresponding physical GTR slot, from which the
kernel gathers 𝑟 𝑗 = (𝛼 𝑗 , 𝛿 𝑗 , 𝑘 𝑗 ). Second, the replay is applied
directly to the two projection accumulators, updating them
without ever reconstructing the intermediate recurrent state
matrices 𝑆 𝑗 . Third, the accumulators hold the required pro-
jections 𝑆𝑡−1𝑞𝑡 and 𝑆𝑡−1𝑘𝑡 , which are then used immediately
to compute the current transition record 𝑟𝑡 and output 𝑜𝑡 .
Since the above steps are fused into a single kernel and no
intermediate state matrix is reconstructed, the intermediate
values remain on chip without being materialized in HBM.

Finally, the kernel appends only the compact GTR 𝑟𝑡 =

(𝛼𝑡 , 𝛿𝑡 , 𝑘𝑡 ) for each newly generated beam, rather than writ-
ing back a full recurrent state 𝑆𝑡 ∈ R𝑑𝑣×𝑑𝑘 . This eliminates
the large per-beam state-writeback cost and preserves the
compact state representation throughout decoding.

4 Evaluation
Our evaluation answers three questions: (Q1) How much
does OneLA improve the end-to-end full-model decode per-
formance? (Q2) Does the GR GDN attention kernel maintain
its latency and state-capacity advantages across workloads
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and model configurations? (Q3) How efficient is OneLA’s re-
play execution, and how much does it reduce memory traffic
and consumption?

4.1 Methodology
We first describe the workload notation and experimental
configurations used in the evaluation. Let𝑅,𝑊 , and𝑂 denote
the request count, fixed logical beamwidth, and total number
of output tokens, respectively. Prefill selects the first output
token, leaving 𝑇 =𝑂 − 1 decode calls. The full-model exper-
iment uses the 0.8B Qwen3.5 model, with 6 full-attention
layers and 18 GDN layers. We set 𝑅 to 4,𝑊 to 256, the prompt
length to 1K/5K, and𝑂 to 3–7. The operator suite covers 405
shapes over 𝑅 = 4/8/16,𝑊 = 128/256/512, 𝑇 = 2–6, and
nine recurrent geometries with 𝐻𝐾 = 4–32, 𝐻𝑉 = 4–64,
𝐾 = 128–256, and 𝑉 = 128–512. On identical inputs and
reorder-and-duplicate lineages, we pair OneLA with the un-
modified vLLM/SGLang FullState and ReplaySSM kernels,
FlashInfer, and TensorRT-LLM FullState on their natively
supported shapes [7, 8, 19, 23].
4.2 Full-Model Decode-Forward Performance
To show the end-to-end performance improvement when
using OneLA, Figure 6 reports the decode-forward GPU time
of the complete model across the two prompt lengths. We
compare four execution paths. vLLM FullState and vLLM
ReplaySSM serve as native framework references. Controlled
FullState uses the same decode pipeline as OneLA while re-
taining conventional per-beam FullState execution, whereas
OneLA is our full system.
Controlled FullState remains within 6.9–9.3% of native

vLLM FullState, validating that our controlled implementa-
tion closely reproduces the framework baseline. Replacing its
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Figure 8. Recurrent-state efficiency breakdown.
recurrent state computation with OneLA yields a 1.54–2.46×
reduction in cumulative decode-forward time across all eval-
uated prompt and output lengths, and OneLA consistently
outperforms both vLLM execution paths. These results show
that OneLA’s recurrent-state optimization translates into
substantial full-model decode-forward performance gains.

4.3 GR GDN Attention Generality
We next isolate the GDN attention operator to evaluate
whether OneLA’s latency and recurrent-state capacity advan-
tages persist across diverse workloads and recurrent-state
configurations. For each paired workload, Figure 7 reports
baseline/OneLA ratios for captured latency and persistent
recurrent-state capacity in GPU memory. The evaluation
covers all workloads natively supported by each baseline,
where boxes indicate the median and interquartile range,
and whiskers span the 5th–95th percentiles.

Figure 7(a) shows that OneLA consistently reduces GDN
attention latency across the supported workloads. Across all
paired shapes, median speedups are 40.5× and 42.5× over
vLLM and SGLang FullState, 17.5× over both ReplaySSM
paths, and 41.5× and 46.3× over FlashInfer and TensorRT-
LLM. At the largest Qwen geometry (𝑅 = 16,𝑊 = 512, 𝐻𝐾 =

𝐻𝑉 = 16, 𝐾 =𝑉 = 128), OneLA takes 0.212 ms at 𝑂 = 3 and
0.990ms at𝑂 = 7, yielding 16.0–56.5× speedups over the four
baselines supporting this shape. Across all 405 OneLA cases,
the maximum absolute output error against FP32 FullState
is 4.88 × 10−4, confirming numerical accuracy.
Figure 7(b) shows similarly consistent reductions in per-

sistent recurrent-state capacity. Across the paired workloads,
OneLA reduces the median required capacity by up to 42.5×
relative to the baselines, demonstrating that GTRs substan-
tially reduce persistent GPU-memory requirements across
different workload and recurrent-state configurations. To-
gether, these results show that OneLA’s GDN attention la-
tency and recurrent-state capacity advantages generalize
across request counts, beam widths, decode lengths, and all
nine evaluated recurrent-state geometries.

4.4 Sources of Performance Improvement
At the Qwen geometry with 𝑅 = 4 and𝑊 = 512, we iso-
late the complete recurrent-state path and break down its
performance through three complementary measurements:
recurrent-path latency, persistent-state capacity and logical
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writes, and physical DRAM traffic. Together, these measure-
ments connect OneLA’s compact state representation to the
reductions in memory movement that drive its execution-
time improvement.
Figure 8(a) first shows the resulting recurrent-state-path

latency, including each path’s explicit beam-state mainte-
nance. At 𝑂 = 3 and 𝑂 = 7, OneLA takes only 0.0755 and
0.308 ms, whereas vLLM ReplaySSM takes 1.20 and 4.06 ms
and vLLM FullState 3.00 and 10.9 ms, corresponding to 39.7×
and 35.4× reductions relative to FullState.
Further, Figure 8(b) shows that the reductions in persis-

tent state and state writeback contribute to the improve-
ment. OneLA requires only 36.3 and 101 MiB of persistent
recurrent-state capacity at 𝑂 = 3 and 𝑂 = 7, correspond-
ing to 56.5× and 20.3× reductions relative to FullState, re-
spectively. This reduction follows from replacing per-beam
full-state matrices with one request-level 𝑆ctx together with
compact branch-specific GTRs. The same representation also
substantially reduces state writes: OneLA writes only 32.3
and 96.8 MiB at 𝑂 = 3 and 𝑂 = 7, respectively, achieving
a 127× reduction relative to FullState at both endpoints by
appending compact GTRs instead of writing back full states.
Finally, Figure 8(c) shows that the reduced state storage

and writeback translate into substantially lower physical
DRAM traffic. At𝑂 = 3, OneLA moves only 161 MiB of data,
exhibiting 76.9× and 39.9× reductions relative to FullState
and ReplaySSM, respectively. This reduction comes from
cross-beam reuse of 𝑆ctx, which avoids repeated state reads
and full-state writeback. Consequently, OneLA reaches an
arithmetic intensity [17] of 40.0 FLOP/byte, 45.6× and 20.6×
higher than FullState and ReplaySSM, respectively, directly
explaining the recurrent-state-path latency improvement.

5 Conclusion
We present OneLA, an efficient linear-attention decoding
framework for large-beam generative recommendation. By
replacing per-beam recurrent states with a shared post-prefill
state, compact transition records, and lightweight ancestry,
OneLA enables on-chip projection replay and cross-beam
state reuse. OneLA achieves 1.54–2.46× end-to-end speedups
and substantial operator-level gains, demonstrating the effec-
tiveness of compact state representation for dynamic large-
beam decoding.
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