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Abstract
Modern AI increasingly depends on efficient inference, yet most

inference optimization remains centered on model compression,

kernel engineering, and hardware acceleration. These approaches

overlook a complementary algorithmic layer that builds Inference
Data Structures (IDSs) that organize persistent inference state, such
as model weights and KV caches, into reusable computational rep-

resentations that accelerate repeated execution.

We identify two classes of IDSs: static structures over immutable

model parameters and dynamic structures over evolving inference

state. Recent work provides examples of both classes. Low-bit fixed-

weightmatrices are organized as reusable static IDS for exactmatrix-

vector multiplication, while dynamic IDSs built on top of KV caches

support efficient retrieval during autoregressive decoding. Viewed

together, these examples underscore the importance of inference

data structures, alongside models, kernels, and hardware, to make

inference more efficient.

CCS Concepts
• Computing methodologies → Artificial intelligence; • The-
ory of computation→ Data structures design and analysis.
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1 Introduction
Modern AI has advanced rapidly through larger models, richer

training data, and increasingly capable foundation models. Genera-

tive AI models, including Large language models and multimodal

models, have become handy tools for daily tasks such as writing,

reasoning, and programming. As these models become more capa-

ble and widely adopted by everyday users, inference efficiency is

becoming critical, as it increasingly dominates modern computing

workloads [15, 19, 22, 25]. Yet the infrastructure of AI inference

has not matured at the same pace as the models themselves. Much
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of the current inference stack is organized around three strate-

gies: (a) compress the model [22], (b) accelerate the kernels [3],

or (c) provision more capable hardware [8]. These strategies are

essential. Quantization reduces memory footprint and arithmetic

cost [12, 21]; specialized kernels improve throughput [2, 3, 9]; GPUs

and emerging accelerators provide the raw computational sub-

strate [7, 8, 16]. However, these strategies do not fully address a

deeper structural issue: inference repeatedly operates over large,

persistent, and reusable state, but often treats that state as raw

tensors to be processed again at every execution step.

The missing algorithmic layer. In this paper, we argue that

modern AI lacks a fundamental infrastructure layer for inference
data structures.

Definition 1 (Inference data structure (IDS)). An inference
data structure is a reusable index, coupled with algorithms, con-
structed before or during model execution that organizes inference
state to reduce future computational cost while preserving correct-
ness or providing explicit approximation guarantees. The represented
state may be static, such as trained model weights, or dynamic, such
as a growing KV cache during autoregressive decoding.

Although prior approaches such as model compression, caching,

and specialized hardware design already help to make inference

more efficient, the essential role of inference data structures is now

more vivid, as the foundation models grow bigger, more versatile,

and closer to the ordinary end users than earlier neural networks.

As a result, inference becomes more repeated and resource sensitive,

as opposed to a specialized back-end operation.

Modern AI models are based on repeated inference rounds over
growing context to generate tokens. They support long contexts,

chain-of-thought reasoning, multimodal inputs, and tool use, which

makes them increasingly resource hungry. In such settings, the

absence of reusable algorithmic structures becomes a missed oppor-
tunity to address the resource constraints.

The core observation is that many variables1 used during the
different rounds of inference are fixed and do not change. Model

weights, for example, never change after a model is trained. Such

static variables remain the same, irrespective of the inference in-

put (e.g., prompt) or context window. As a result, once a model is

trained, one can carefully index them to reduce the cost of infer-

ence operations. For instance, the weights can be preprocessed into

structures that expose repeated patterns and support faster exact

multiplication.

1
We view the model state during the inference as a set of static (e.g., model weights)

and dynamic (e.g., context-window vectors such as keys/values) variables. Hence, the

words, model state and model variables are used interchangeably.
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Table 1: Inference data structures as a complementary opti-
mization direction.

Main question Typical effect
Model com-
pression

How should parame-

ters be represented nu-

merically?

Smaller models, lower arith-

metic cost, possible accu-

racy tradeoffs.

Kernel opti-
mization

How should inference

primitives be imple-

mented efficiently?

Faster primitive execution

on a given device.

Hardware
accelera-
tion

Where should computa-

tion run?

Higher throughput through

GPUs, TPUs, NPUs, or spe-

cialized memory systems.

Inference
data struc-
tures

How should reusable in-
ference state be repre-
sented and organized?

Lower cost through prepro-

cessing, indexing, partition-

ing, summarization, and ef-

ficient query processing.

Another example is the context window variables. While the

context window is query-dependent and varies across different

prompts, it keeps growing within the repeated rounds of inference

to answer one query. That is, the existing context within the win-

dow is fixed and does not get updated or removed; only new context

gets appended to the window. As a result, rather than viewing it

as an append-only tensor, one can construct an index on-the-fly

for such dynamic variables, and update it as new tokens are gen-

erated. Beyond these examples, reusable inference state may also

arise at different stages and system-level developments, including

multimodal context representations, tool-use traces, and long-lived

interaction state.

This perspective is analogous to common practices across vari-

ous domains of computer systems to enable efficient and scalable

operations. Database systems, in particular, develop data structures

such as B-trees and Bitmap indices that enable efficient processing

of queries without fully parsing the data [1, 13]. Similarly, computer

graphics relies on acceleration structures such as bounding-volume

hierarchies [14], and compilers construct intermediate represen-

tations and control-flow structures that expose reusable program

structure [20]. AI inference now appears to be reaching a similar

point and facing similar challenges, creating the opportunity to

build on top of the rich advancements in these domains to achieve

efficiency and scalability in modern AI inference.

The Vision. Figure 1 summarizes our vision, where inference

data structures form an algorithmic infrastructure layer between

foundation-model inference and the runtime. This layered perspec-

tive isolates efficiency optimizations at different layers. As a result,

techniques such as model compression and quantization apply at

the top layer to reduce the model size. Inference data structures take

a model as the input and develop static and dynamic indices that

benefit from reusable states. Finally, at the runtime layer, kernel

optimization and hardware acceleration target higher throughput,

faster primitive implementation at target devices, and tailored hard-

ware design.

Table 1 contrasts the role of IDS alongside other optimization

directions to achieve efficiency and scalability in modern AI in-

ference. The role of IDS is especially important because modern

Foundation Models
model weights, KV cache, ...

⇓
Inference Data Structures

static and dynamic

⇓
Runtime and Hardware

CPU, GPU, TPU, NPU, memory hierarchy, kernels

Figure 1: Inference data structures: an algorithmic infras-
tructure layer between foundation-model inference and the
runtime.

inference is constrained by more than arithmetic throughput. Mem-

ory movement, cache capacity, bandwidth, latency, energy, device

heterogeneity, and correctness under approximation all influence

whether a model can be deployed effectively. These constraints

are most visible in interactive and resource-limited settings, where

users expect fast, private, affordable, and reliable inference with-

out relying entirely on large remote clusters. They also matter in

enterprise-scale deployments, where even modest improvements in

repeated inference operations can translate into substantial system-

wide gains.

Paper organization. In the rest of the paper, we first introduce

the design space of static and dynamic inference data structures in

Section 2. Next in Section 3, we illustrate some emerging examples,

including structures for low-bit weight multiplication and KV-cache

retrieval. Section 4 presents a research vision for inference data

structures.

2 The Design Space of Inference Data Structures
An inference data structure (IDS) can be characterized by

• the inference variable it organizes,

• the procedure used to construct it,

• the updates it supports,

• the operation it accelerates, and

• the guarantees it provides.

This mirrors the classical view of databases with construction, up-

date, and query procedures. The difference, however, is that IDSs

organize reusable inference state, rather than actual data records.

The two most visible IDS classes in today’s foundation mod-

els correspond to two persistent inference variables that strongly

shape foundation-model inference: model weights and the KV cache.

Model weights are fixed after training and reused across inference

calls. KV caches are generated during autoregressive decoding and

evolve as new tokens are produced. This leads to two basic classes:

static IDSs, which organize immutable model state, and dynamic
IDSs, which organize evolving runtime state.

A static IDS is constructed once from a variable that remains

fixed during the lifetime of a model. The canonical example is a

structure over model weights. Since the weights do not change after

training, the system can afford an offline preprocessing step that

reorganizes them into a representation better suited for repeated

inference-time operations. The resulting structure may support
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Table 2: Static and dynamic inference data structures. Static
IDSs organize immutable model state, while dynamic IDSs
organize inference state that evolves during execution.

Class Organized state Construction Operation
Static IDS Model weights Built offline; no

runtime updates

Repeated exact or

approximate oper-

ations

Dynamic

IDS

KV cache Built and up-

dated during

decoding

Retrieval, pruning,

or aggregation

over cached state

faster matrix-vector multiplication, lower memory footprint, and

improved locality, by reusing the repeated patterns. Note that an

static IDS is constructed once, after the model is trained; hence, its

construction cost does not add extra overhead to inference.

A dynamic IDS is constructed and maintained over state that

changes during inference. The canonical example is the KV cache.

During decoding, each generated token appends new key and value

vectors. Future tokens repeatedly query this growing cache to iden-

tify the prior context needed for attention. A dynamic IDS therefore

requires both update and query procedures: it must incorporate

new cache entries while supporting efficient retrieval, pruning, or

aggregation over prior entries. Unlike static IDSs, dynamic IDSs

must operate under strict latency constraints because maintenance

occurs during the inference, on the critical path of generation.

The distinction between static and dynamic IDSs results in dif-

ferent algorithmic challenges and objectives. Specifically, some of

the main algorithmic questions are:

• Static IDS: how much space the preprocessed structure re-

quires, what reusable structure can be extracted from fixed

model parameters, what access pattern the structure induces

on the target hardware, andwhether the supported operation

is exact or approximate.

• Dynamic IDS: how to maintain the structure incrementally,

how to bound update overhead, how to adapt to query-

dependent behavior, and what correctness or recall guar-

antees are required.

Guarantees are important for both classes. Some IDSs preserve

the exact output of the original operation, while others provide

recall guarantees or bounded approximation error. An IDS should

also make its construction cost, update cost, query cost, memory

footprint, and correctness behavior explicit.

We next discuss two representative examples based on (a) model

weights and (b) KV caches. These are perhaps the most visible

reusable inference variables in current foundation-model inference,

but they are unlikely to be the last. As AI systems incorporate

routing, retrieval, multimodal context, and longer-lived interaction

state, other persistent inference variables may emerge. An open

problem is to identify such variables early and determine how data

structures can effectively exploit their reuse.

3 Emerging Examples
In this section, we discuss two representative examples of infer-

ence data structures: (a) static IDSs over low-bit model weights

Table 3: Two emerging instances of inference data structures.

IDS Variable Operation Guarantee
RSR [6] Low-bit weight

matrices

vector-matrix

multiplication

Exact output; less

time and memory

Louver [5] KV-cache Relevant-token

retrieval

Full recall above a

threshold

and (b) dynamic IDSs over the KV cache. Table 3 summarizes the

correspondence.

A. Static IDSs over model weights. Modern foundation models

contain large weight matrices that remain fixed across inference

calls. This creates an opportunity to move work from online execu-

tion to offline preprocessing. In low-bit models, repeated column

or row patterns can be exposed by reorganizing the matrix. Re-

dundant Segment Reduction (RSR) [6] follows this principle: it

preprocesses a fixed low-bit weight matrix into auxiliary structures,

such as permutations, group boundaries, and segment metadata,

so that repeated patterns are aggregated once and reused during

vector-matrix multiplication. Using these auxiliary structures, RSR

computes the vector-matrix multiplication exactly, while reducing

the time and space complexity by a logarithmic factor.

RSR is an example of a static IDS. The indexed variable is the

model weights, which remain fixed after training. The IDS is there-

fore constructed once offline, without adding construction over-

head to inference. During inference, the same structure is reused

for repeated vector-matrix multiplications. RSR changes how this

operation is executed, but not its mathematical result. It therefore

provides exact vector-matrix multiplication with lower time and

space complexity.

RSR-core [4] adds system-level optimizations to RSR, including

optimizations for CPU and CUDA kernels, compact metadata, and

preprocessing artifacts. Recent follow-up work further indicates

that structured representations for low-bit matrix multiplication

are becoming an active direction, including addition-based sparse

GEMM for edge LLM inference [26], sparse segment reduction for

ternary GEMM acceleration [18], and multiplication-free ternary

matrix multiplication for Transformers [17].

B. Dynamic IDSs over KV caches. The KV cache represents a

different class of reusable inference state. Unlike model weights, it

is not fixed before inference begins. The KV cache is an append-

only tensor, which is created and extended during autoregressive

decoding, as each generated token contributes new key and value

vectors. In order to generate each token, traditional inference tech-

niques conduct inner product operations over all entries of KV

cache. However, it is evident that only a small number of those

entries (called active tokens) may be relevant, in the sense that

they contribute significantly to the attention output for the current

token. Therefore, sparse attention methods reduce the inference

cost by “guessing” the active tokens and only computing the inner

products of those [2, 10, 11, 23, 24]. Sparse attention techniques

can significantly drop the inference runtime but may miss relevant

tokens.

Louver provides an example of a dynamic IDS for this setting [5].

It formulates sparse attention as a threshold retrieval problem over

cached keys: for a query 𝑞𝑡 and threshold 𝜏 , the goal is to retrieve
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all keys 𝑘 satisfying ⟨𝑞𝑡 , 𝑘⟩ ≥ 𝜏 . This formulation transforms KV-

cache access into a halfspace range-searching problem. The IDS

organizes cached keys into groups with geometric summaries, uses

inexpensive tests to prune groups that cannot contain relevant keys,

and performs exact checks only on surviving candidates. New keys

are buffered and incorporated into the structure during decoding,

so the IDS supports both query and update operations.

Louver is an example of a dynamic IDS. Here, the indexed vari-

able is the KV cache, which grows during decoding and must be

maintained online. The query also changes from one decoding step

to another, since the number and location of relevant keys depend

on the token, layer, context, and task. Louver uses the IDS to avoid

computing the inner product with every cached key. It supports

sparse attention while guaranteeing that all active tokens with

inner product above the threshold 𝜏 are detected.

4 Research Vision
After discussing the two illustrative examples, we now consider the

broader role of inference data structures. Our view is that future in-

ference systems should include IDSs as a layer between foundation

models and runtime implementation (Figure 1), similar to the role

of indexing in database systems. Today, efficient inference is mainly

achieved by compressing models, optimizing kernels, or improving

hardware utilization. These directions remain essential, but they do

not directly take advantage of reusable model state. An IDS takes a

different approach. It identifies which inference variables persist

across computation, how those variables can be reused, what oper-

ations are performed over them, and what guarantees are needed

for those operations.

Discovering reusable inference variables. The first question
is which variables in the inference life cycle can benefit from a

data structure. Model weights and KV caches are the most visible

examples. In general, constructing and maintaining an IDS is useful

only when the corresponding variable has sufficient persistence,

reuse, structure, and importance in inference operations. As AI

systems incorporate routing, retrieval, multimodal context, and

longer-lived interaction state, other persistent inference variables

are likely to appear. An important research problem is therefore to

identify such variables and understand how they are reused during

inference.

Designing principled IDS interfaces. An inference data structure
is defined by the operations that it supports. As discussed in Sec-

tion 2, this includes its construction, update, and query procedures,

together with the guarantees provided by these operations. Depend-

ing on the application, such guarantees may include exact output

preservation, zero false negatives, or bounded approximation error.

These guarantees are particularly important for inference because

an optimization may change the model output without making this

change visible at the system level. Therefore, in addition to defining

guarantees for individual IDS operations, we need to understand

how these guarantees affect the quality of the model output.

Co-designing IDSs with runtimes. The algorithmic benefit of an

IDS does not necessarily translate into an efficient implementation.

For example, a structure may reduce the number of arithmetic op-

erations but introduce irregular memory accesses, metadata move-

ment, or synchronization overhead. In such cases, the resulting

system may not be faster. The issue also depends on the target

device. Random memory accesses that are tolerable on a CPU may

be expensive on a GPU, while a layout designed for GPU execution

may add unnecessary overhead on smaller devices. As a result, the

design of an IDS should also consider its access pattern and the

specifications and limitations of the target hardware.

Making IDSs first-class system optimizations. For IDSs to be-

come part of the inference infrastructure, the interfaces between the

model, the IDS, and the runtime need to be made explicit. The model

needs to expose which inference state is persistent and reusable.

The IDS needs to specify its construction and update costs, query

operation, memory footprint, and correctness or approximation

guarantees. The runtime can then decide when the structure should

be constructed, updated, reused, moved across memory tiers, or

discarded.

Such interfaces also allow an IDS to be used across different

models and devices, rather than being implemented as a one-off

optimization inside a particular kernel or inference system. Its evalu-

ation should therefore not be limited to isolated microbenchmarks.

In addition to query and update latency, the evaluation should

consider storage overhead, token-generation throughput, memory

footprint, energy usage, and preservation of model quality. Ulti-

mately, these measurements should determine when constructing

an IDS is beneficial, how it should be maintained, and when the

runtime should use it.

5 Conclusion
Modern AI inference is commonly optimized through model com-

pression and quantization, runtime kernels, and hardware design.

In this paper, we argue that inference data structures provide an-

other algorithmic layer for improving inference efficiency. They

organize persistent inference variables, such as model weights and

KV caches, into reusable structures that support explicit operations

and provide correctness or approximation guarantees.

Our view is that future AI runtimes should treat IDSs similarly

to how database systems treat indexes. Instead of repeatedly oper-

ating over raw model state, the runtime can construct, maintain,

and query structures built over reusable inference variables. This

requires mechanisms for deciding when such structures should be

constructed, updated, reused, or discarded. As a result, improving

inference efficiency is not limited to better models, kernels, and

hardware. It also requires data structures that organize persistent

inference state and reduce the cost of repeated computation.
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