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Abstract

Large language models are becoming first-class components of data systems through semantic
operators that declaratively process text, images, audio, and other unstructured data. While recent
systems have made progress in defining such operators and optimizing their execution, their physical
design space remains comparatively narrow: an optimizer often chooses among models, prompts,
cascades, or approximate filters, but treats inference itself largely as a black box. This article
argues that LLM-native data systems should expose selected inference-time mechanisms to the
optimizer as physical design choices. We focus on key—value (KV) caches in transformer decoders as
a concrete example. Rather than viewing KV caches only as a serving optimization, we treat them as
materializable physical representations of data items that can be precomputed, compressed, reused,
and selected during query planning. Different cache profiles induce different trade-offs among latency,
memory, cost, and output quality, thereby expanding the set of physical implementations available
for semantic operators. To make this larger space manageable, we advocate constructing Pareto
frontiers of candidate implementations and exposing only non-dominated choices to the optimizer.
We discuss how this design pattern applies to LLM-native systems such as LOTUS and STRETTO,
where selecting the right physical operators can preserve quality guarantees while reducing inference
time. The broader message is that LLM-native query engines require an inference-aware physical
layer, not merely better prompts or faster model serving.

1 Introduction

Large language models are increasingly becoming first-class components of data systems. Instead of
treating text, images, audio, and other unstructured objects as inputs to an external preprocessing
pipeline, recent LLM data systems expose semantic operators that allow users to query such data
declaratively. A user may ask for documents that satisfy a natural language (NL) predicate, extract
structured attributes from reports, join records according to semantic similarity, or rank multi-modal
objects according to a task-specific criterion. Systems such as PALIMPZEST |9], LoTus [12], DOCETL [18],
THALAMUSDB [5], GALoOIS [17], and CAESURA [19] illustrate this shift from LLMs as external tools to
LLMs as components of the query execution stack.

This shift raises a familiar question for database systems: what is the physical design space behind a
logical query? Classical systems separate the logical meaning of an operator from its physical realization.
A join may be implemented as a hash join, sort-merge join, nested-loop join, or index-nested-loop join;
the optimizer chooses among them using cost and cardinality estimates. LLM data systems need a
similar separation. A semantic filter, map, or join specifies what the system should compute, but the
system may implement it using different models, prompts, retrieval strategies, cascades, thresholds,
batching policies, or approximate methods. The difference is that physical choices in LLM systems
affect not only latency and resource consumption, but also output quality. The optimizer must therefore
reason about a multi-objective space involving cost, latency, memory, and task-level quality.
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The current physical space. Early LLM data systems have defined semantic operators and introduced
ideas for reducing the cost of executing them. LoTus, for example, shows how semantic operators
can be optimized using cascades [12]. Other systems explore cost-based search over semantic-operator
implementations [15], SQL-style optimizations [17], logical and prompt-level rewrites [14, 21|, or quality-
preserving routing between cheaper and more expensive LLM calls [22, 23]. These approaches, together
with inference-aware techniques such as reduced-context execution, model routing, and serving-level
cache management [0, 9, 11], demonstrate that semantic queries should not be executed by naively
invoking the largest available model for every tuple.

However, the design space exposed to semantic-query optimizers is still often coarse-grained. A

system may choose between a small model and a large LLM, between one prompt and another, between
a reduced and a full context, or between invoking an LLM and applying a cheaper embedding-based
filter. These choices are useful, and prior work shows that they can reduce inference cost. Our point
is complementary: they can still leave gaps along the cost—quality curve when the optimizer lacks
intermediate physical implementations. A small LLM or aggressively reduced context may be too
inaccurate for a given quality target, while the next available high-quality implementation may be more
expensive than necessary. In such settings, the optimizer would benefit from a denser menu of physical
operators.
Inference state as physical design. This article argues that LLM data systems should further expand
their physical design space by exposing selected inference-time mechanisms to the query optimizer. In
particular, we focus on the key—value (KV) cache used by transformer decoders. During autoregressive
decoding, the KV cache stores attention keys and values for the already processed context, avoiding
repeated recomputation during later decoding steps [13]. In standard serving systems, this cache
is primarily managed as a runtime optimization for efficient inference and memory reuse. From a
data-management perspective, however, the KV cache can be viewed differently: it is a materializable
physical representation of a data item under a given model. Because a cache captures how the model
has encoded an input object, it can support repeated semantic processing over that object and can also
provide signals for estimating the behavior of semantic operators before they are executed.

This observation changes the role of the cache. If some queries repeatedly condition on the same set
of objects—for example, the documents, images, or records—then their KV caches can be precomputed,
stored, compressed, and reused across operators and queries. This reuse has two complementary benefits.
First, caches can accelerate processing: an operator can avoid recomputing the model representation of
an input object and can instead condition directly on a cached or compressed representation. Second,
caches can improve planning: the same representations can be used to estimate which records are
likely to satisfy a semantic predicate, how many pairs may survive a semantic join, or which inputs
require a more expensive model call. In classical databases, physical design structures such as indexes
and materialized views support both efficient access and better optimization. KV caches can play an
analogous role for LLM-native systems, acting both as execution artifacts and as statistical objects for
semantic cardinality estimation [20)].

Moreover, different cache variants can be materialized for the same item. A full cache may preserve
high quality but require more memory and lower batching throughput. A compressed cache may reduce
memory footprint and accelerate execution, while introducing a controlled degradation in task quality
or estimation accuracy. By creating a Pareto frontier of cache profiles, the system obtains multiple
physical implementations of the same logical semantic operator, as well as multiple summaries that can
support optimization-time estimates. Recent work on KV-cache compression and token pruning provides
mechanisms for constructing such variants [3, 4, 8], while LLM serving and routing systems show the
importance of inference-time decisions such as cache management, batching, and model selection for
efficient inference |6, 10, 11].

KV caches should be exposed to the optimizer, not to the user: users should continue to write
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declarative queries over semantic operators. The system decides whether an operator instance should
use an embedding filter, a full KV cache, or one of the compressed cache profiles. Similarly, it decides
when cached representations are useful for estimating selectivities and intermediate result sizes before
committing to an execution plan.

From more operators to better choices. Expanding the physical design space is useful only if the
optimizer can navigate it. Blindly materializing many cache variants can increase storage cost and make
planning harder. A practical system therefore needs a compact representation of the useful choices. We
advocate constructing Pareto frontiers of physical operator implementations. For each logical semantic
operator, or for each class of operator instances, the system profiles candidate implementations along
dimensions such as latency and estimated output quality. Dominated implementations are removed:
if one implementation is both slower and lower-quality than another, it should not be presented to
the optimizer. The remaining frontier gives the optimizer a compact menu of non-dominated physical
alternatives.

This frontier-based view makes the system architecture modular. The mechanism that creates

physical alternatives—for example, KV-cache compression—can be separated from the mechanism that
chooses among them. A rule-based optimizer, a classical cost-based optimizer, or a gradient-based
optimizer can all consume a frontier of candidate implementations, provided the frontier exposes the
relevant cost and quality estimates.
Physical design for LLM-native data systems. In this paper, we do not argue for an optimizer,
a single cache-compression method, or a new semantic-operator API. Instead, we identify a systems
pattern that is likely to recur as LLMs become part of data-processing engines: logical semantic operators
should be paired with a rich set of physical implementations; inference state, including KV caches, can
be materialized and managed as part of that physical space; and Pareto frontiers can make the resulting
space usable by query optimizers.

The remainder of the paper develops this argument. We start by giving an example of the role of KV
cache in semantic processing. We then describe how physical operator choices arise in LLM data systems
and why the cost—quality dimension makes them different from classical physical operators. Next, we
introduce KV caches as reusable physical representations of data items and explain how compressed
cache profiles expand the operator space. We then discuss how Pareto frontiers can be constructed and
used to select among cache-aware and non-cache-aware implementations. Finally, we use systems such
as LOTUs and STRETTO to illustrate the practical impact of this design: by selecting the right physical
operators, an engine can preserve quality guarantees while reducing inference time.

2 A Running Example: Cache-Aware Semantic Processing

We use an example to illustrate how KV caches expand the physical design space of an LLM-native data
system. Consider a table of building-inspection records, where each tuple contains a textual report and
one image:

SELECT id, sem_extract (report, "recommended repair action") AS action
FROM Inspections
WHERE sem_filter (photo, "shows visible water damage")

AND sem_filter (report, "mentions mold or moisture")
WITH QUALITY precision >= 0.90 AND recall >= 0.90;

The query is declarative. It specifies two semantic filters, one over images and one over text, followed
by a semantic extraction over the surviving reports. It also specifies an end-to-end quality target on the
final output.
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Naive physical execution. A straightforward implementation invokes a high-quality model for each
semantic operator and each input item. For the image predicate, the model receives the image and
the predicate, and produces a Boolean decision. For the text predicate, it receives the report and the
predicate. For the extraction operator, it receives the report again and generates the action. Before
producing any output, the model must process the input context and construct its internal attention
state. For long documents and high-resolution visual inputs, this prefill step can dominate the latency
of semantic operators.

Cache-aware physical execution. A cache-aware system separates object encoding from query
execution. In an offline preprocessing phase, the system feeds each object into the model and materializes
its KV cache. For the example above, it may construct caches for every inspection photo and every
report. At query time, a semantic operator no longer needs to send the full object through the model
from scratch. Instead, it retrieves the corresponding cache, appends an operator-specific suffix that
encodes the predicate or extraction request, and performs only the remaining decoding work. The same
cached report can be used by the textual filter, by the extraction operator, and by future queries over
the same collection, i.e., across multiple semantic operations instead of recomputing it for every call.

Compressed cache profiles. A full KV cache can be large, especially for long contexts and multimodal
inputs. Rather than using only the full cache, the system can materialize several cache profiles for the
same object, each corresponding to a model and a compression ratio. For example, an image may be
represented by a full cache, a lightly compressed one, and a more aggressively compressed one. These
profiles become distinct physical implementations of the same operator. For the first predicate in the
example, the optimizer may determine that a highly compressed image cache is sufficient to reject many
obvious non-matches. For the extraction operator, which produces a more information-sensitive output,
the optimizer may choose a less compressed cache.

Cascades over cache-aware operators. The physical choices need not be used in isolation. A
semantic filter can be implemented as a cascade of increasingly expensive operators. For instance,
the image predicate may first use a small model with an aggressively compressed cache. If the model
is confident, the tuple is accepted or rejected immediately. If the decision is uncertain, the tuple is
forwarded to a less compressed cache profile or to a larger model. This cascade view is useful because not
all tuples require the same amount of computation. In the inspection example, many photos may clearly
show no water damage, and many reports may clearly not mention moisture. Processing those tuples
with the most expensive model and the least compressed cache would waste resources. Conversely, a
small model or an aggressive compression profile may be insufficient for borderline cases. A cache-aware
cascade gives the optimizer intermediate choices between these extremes.

Speed-up and Optimizer. Compressed KV caches create two complementary speed-up opportunities.
First, as the cache has already been computed, execution bypasses the prefill phase and focuses on
output generation. This is especially beneficial for semantic filters and short extractions, where the
output is small w.r.t the input context. Second, compression reduces the memory footprint of each
cached item. Smaller caches allow the executor to fit more items in a GPU batch, improving throughput
when evaluating an operator over a collection.

These profiles create intermediate execution choices between the extremes of a cheap approximate
operator and an expensive high-fidelity one. Section 3 describes how these choices are profiled and
exposed to the optimizer for query execution. Although this example focuses on execution, the same
cached representations may also provide useful signals for optimization-time tasks such as estimating
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Figure 1: Cache-aware execution of the running example. The user specifies a logical query with semantic
filters and an extraction operator. Offline, the system materializes KV-cache profiles for each base object
under different models and compression ratios. Online, the optimizer selects a physical implementation
for each semantic operator: aggressive compression may be sufficient for easy filtering decisions, while
extraction or uncertain cases may use higher-fidelity profiles. The speed-up opportunity comes from
bypassing repeated prefill computation and from using smaller compressed caches that permit larger
batches and lower latency.

predicate selectivity or operator difficulty; we leave that direction as an opportunity rather than the
focus of this article [20].

3 Cache-Aware Physical Design

We now describe how cache-aware physical design is implemented. The design has two phases. Offline,
the system profiles candidate physical implementations, including KV-cache-aware choices, and retains a
compact set of useful alternatives. Online, the optimizer selects implementations for a logical semantic
plan while satisfying user-specified quality targets. We use STRETTO as a reference example, but the
pattern is not specific to a particular optimizer or cache-compression method.

3.1 From Semantic Operators to Physical Implementations

A semantic operator specifies a task over data, but not the mechanism used to execute that task, e.g., a
filter predicate “shows visible water damage” or “mentions mold or moisture”. These operators define the
logical meaning of the query. The system can choose among different physical implementations that
preserve this meaning up to a requested quality target, e.g., a filter implemented by invoking a large
model directly, a smaller model, or a cached representation of the input object.

This separation mirrors the logical-physical distinction in classical database systems. The difference
is that, in LLM systems, physical implementations affect not only runtime and resource consumption
but also output quality. The optimizer therefore reasons over a multi-dimensional space in which each
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implementation has an estimated latency, memory footprint, throughput, and quality.

KV caches expand this space with a new class of physical implementations. The full cache may offer
higher quality but require more memory. A compressed cache may be faster and allow larger batches,
but may introduce some quality degradation. More precisely, let o be a logical semantic operator, such
as a semantic filter or extraction operator. The system associates o with a set of candidate physical
implementations:

7)(0) = {pl,pg, . ,pk}.

Each implementation p; specifies how the operator may be executed, for example by choosing a model, a
cache profile', a compression ratio, a decision threshold, or a cascade policy. We write this configuration
as

Pi = (M, ¢, T3),

where m; is the model, ¢; is the cache profile or compression setting, and 7; denotes operator-specific
parameters such as thresholds. The optimizer also needs estimates of how this implementation behaves
on the data and query class at hand. These estimates are obtained by profiling p; on a calibration
sample or representative workload:
1i(pi; 0, D) = (@i, ),

where ¢; is the estimated output quality and 7; is the measured or estimated execution time when applying
pi to operator o over a data sample D. In addition, the system can associate each implementation
with a cache footprint s;, which is determined by the model and compression ratio rather than by the
operator output: s; = size(m,, ¢;). Thus, quality and runtime are empirical properties of a physical
implementation under a given query, data distribution, and hardware, while the cache footprint follows
from the materialized profile.

Different operator types may favor different profiles: filters often benefit from aggressive compression,
while maps and extractions may require higher-fidelity caches because they generate longer outputs.

3.2 Offine Generation and Pruning of KV-Cache Profiles

The offline phase creates the physical design space exposed to the optimizer. Given a dataset, the system
can theoretically materialize KV caches for every base object (e.g., text documents, images) across
multiple models and compression ratios. Compression is applied to deliberately trade task fidelity for
faster execution and a smaller memory footprint.

However, KV caches are large. Materializing and storing every possible combination of model and
compression ratio would incur prohibitive storage costs and bloat the optimizer’s search space. Therefore,
we must carefully select which profiles to actually materialize.

Constructing the Pareto Frontier Offline. To decide which profiles to keep, we evaluate a grid of
candidate model-compression pairs on a calibration sample to measure expected execution time and
output quality (e.g., F1 score). The calibration workload need not contain all future queries; it is used
to estimate the behavior of each candidate implementation on the class of semantic tasks the system
expects to support.

The grid is a design choice: the system starts from a finite set of models and compression ratios
chosen by the system designer or from prior profiling. Using these measurements, we construct a
Pareto frontier offline. We plot the candidates in a runtime—quality space and discard any dominated
implementations. An implementation is dominated if another profile provides at least the same quality

YA cache profile becomes a physical operator only when it is paired with an operator-specific prompt, threshold, or
cascade policy.
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with a lower runtime. For instance, empirical profiling often reveals that an aggressively compressed 70B
model might degrade in quality so much that it matches the accuracy of an uncompressed 8B model,
but still runs slower. In such cases, the compressed 70B profile is discarded. The system only physically
materializes the KV caches that lie on the non-dominated frontier.

Manual Pruning for Diverse KV-cache Profiles. Moreover, manual pruning of the Pareto frontier
can further decrease storage costs and make the optimizer’s search space more compact. We favor
diversity across the selected points on the Pareto frontier: the final selected profiles should include cheap
aggressive-compression options, high-fidelity options, and intermediate choices. Configurations that are
too close to already selected points are removed.

This offline pruning yields a compact, pre-computed repository of non-dominated cost—quality
trade-offs, reducing storage and optimizer search cost.

3.3 Online Query Planning

At query time, the optimizer’s job is greatly simplified. It does not need to reason about raw compression
algorithms or search an infinite space of hyperparameters; it is simply handed the compact, pre-computed
Pareto frontier of physical operators generated offline.

Given a logical plan containing multiple semantic operators, the optimizer selects one physical
implementation from the corresponding frontier for each operator. Because users specify global quality
targets and errors propagate through the execution pipeline, the optimizer uses the frontier to strategically
allocate the query’s error budget. It may assign highly compressed, cheap profiles to easy or low-impact
operators, while reserving the uncompressed, full-cache implementations for operators that heavily
influence final output quality. The offline frontier ensures that the optimizer reasons over implementations
that were non-dominated on the calibration workload, rather than over redundant or clearly inferior
cache profiles.

3.4 Executing Semantic Operators with Cached Representations

Once the optimizer finalizes the physical plan, the system executes it. For cache-aware operators, the
executor loads the selected KV-cache profile from disk instead of re-encoding the raw input object from
scratch. The operator simply appends its task-specific suffix (e.g., a natural language filter predicate or
an extraction prompt) to the cached state and performs the remaining decoding work.

This approach yields two major runtime benefits:

1. Bypassing Prefill: By avoiding the expensive context-encoding phase, execution latency depends
mainly on the chosen cache profile and the length of the generated output.

2. Higher Throughput: Because offline compression reduces the memory footprint of the surviving
cached items, the executor can fit more objects into GPU memory simultaneously. This increases
the maximum batch size, significantly improving throughput when evaluating semantic operators
over large collections.

4 Illustration in LLM-Native Systems

This section illustrates the effect of cache-aware physical design in LLM-native workloads. The goal is
not to introduce a benchmark, but to show two consequences of the design pattern described above.
First, KV-cache profiles create a richer runtime—quality space for individual semantic operators. Second,
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Table 1: Physical operator variants considered before pruning. Each candidate implementation is defined
by an operator type, a model, and a KV-cache compression ratio. Compression ratio 0 denotes the
uncompressed KV cache and is also the baseline used in the end-to-end experiment. The optimizer is
only exposed to the subset of variants (in bold) retained after Pareto and diversity pruning.

Dataset Modality Operators Candidate Variants 70B Candidate Variants 8B
MOVIE Text filter, map  {0.00, 0.30, 0.50, 0.60,0.80,0.90} {0.00,0.30,0.50,0.80,0.90}
ROTOWIRE Text filter, map  {0.00, 0.30, 0.50,0.60,0.80,0.90} {0.00,0.30,0.50,0.80,0.90}

ARTWORK  Image filter, map  {0.00,0.30,0.50,0.80,0.90,0.99} {0.00,0.50,0.80,0.90,0.99}

when these profiles are exposed to a query optimizer, the same optimizer can find faster plans under the
same quality targets.

We use STRETTO as the reference optimizer in the end-to-end experiment [16]. The comparison
is therefore not between two different optimizers, but between two physical design spaces: one where
STRETTO can choose among compressed KV-cache profiles, and one where the same optimizer does not
have access to these profiles.

4.1 Evaluation Questions

The evaluation focuses on two questions.

Q1: Do KV-cache profiles create useful runtime—quality Pareto frontiers? We first study
whether different model-compression configurations produce distinct, non-dominated choices for individ-
ual semantic operators.

Q2: Do KV-cache profiles improve end-to-end query execution under fixed quality targets?
We then evaluate complete semantic queries with global precision and recall targets. We compare
STRETTO with access to the KV-cache frontiers against the same optimizer without compressed physical
operators. Both configurations optimize for the same workload and quality targets. The relevant question
is whether the richer physical design space allows the optimizer to reduce runtime while preserving the
requested guarantees.

4.2 Experimental Setting

We consider semantic workloads over text and image data, following the practice of evaluating semantic
query engines across multiple modalities and operator types [7]. For the operator-level frontier experiment,
we use three datasets: MOVIE and ROTOWIRE for text operators, and ARTWORK for image operators.
These datasets cover different input modalities and different operator behavior, which is useful for
showing that cache profiles do not induce a single universal trade-off. Instead, each workload has its
own runtime—quality frontier.

For the Pareto frontier study (Q1), we evaluate cache-aware implementations obtained from a finite
grid of models and compression ratios for each dataset (Table 1). The grid is chosen manually, based on
the models available to the system and on a range of compression levels that produce visibly different
runtime—quality behavior. The workload used for this study consists of single-operator tasks, i.e., each
execution involves eithera semantic filter or map; they characterize the runtime—quality tradeoff of
each physical operator. After profiling the grid, we compute the Pareto frontier to prune dominated
configurations. To retain a compact set of configurations, we manually further prune, favoring diversity
across selected points and removing configurations that are too close together in the runtime-quality
trade-off.
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Table 2: Number of queries and distribution of operators in the test workload for Q2 (F = Filter, M =
Map).

Dataset F—-M F—-F M--M F-M-M F-F-M F-M-M-M F—-F—-M-—-M  Total

Movie 10 10 10 10 - 10 - 50
Rotowire 10 10 - 10 10 10 10 60
Artwork 10 10 - 10 10 10 10 60

For the end-to-end experiment (Q2), we use STRETTO as the optimizer in both configurations [16].
STRETTO is an optimizer that selects physical implementations for semantic operators using profiled
runtime and quality estimates, while enforcing global precision and recall targets. The first configuration,
STRETTO w/o compression (Uncompressed KV), uses KV caches but only at compression ratio 0, i.e.,
uncompressed caches. The second configuration, STRETTO w/ compression (Compressed KV), optimizes
over the expanded physical space that includes compressed KV-cache profiles. Both configurations
benefit from cache reuse and avoid repeated prefill computation; the comparison isolates the additional
value of compression as a physical design dimension. They also receive the same logical queries and the
same global precision and recall targets. Runtime is the main metric and results are interpreted only
among plans that satisfy the requested quality guarantees. In this study, the test workload includes
tasks with multiple operators, as shown in Table 2. Starting from a base set of individual semantic
filters and joins, two to four semantic operators are randomly combined to construct queries.

4.3 Operator-Level Trade-Offs from Cache Profiles (Q1)

Table 3 shows the runtime—quality behavior of cache-aware physical implementations, averaged over
semantic filter and map operators for each dataset. Each result corresponds to one candidate implemen-
tation, obtained by selecting a model and a KV-cache compression ratio. The table covers the two text
datasets and the image one (ARTWORK).

The table illustrates the main role of compressed KV caches. For a fixed model, increasing compression
generally reduces runtime, but may also reduce quality. Across models, larger models tend to provide
higher quality, but they are more expensive. The useful points are therefore not concentrated in a
single model or a single compression ratio. Instead, different model-compression combinations occupy
different regions of the runtime—quality space. For example, a compressed large model can provide an
intermediate option between a cheap small model and a full high-quality large model. Conversely, when
compression degrades quality too much, a large compressed model may become dominated by a smaller
model.

The selected frontier contains diverse points along this curve, rather than every measured configuration.
This gives the optimizer a compact set of choices between coarse alternatives such as “small” and “large”
models.

4.4 End-to-End Planning with and without KV Caches (Q2)

Figure 2 evaluates the impact of compressed KV-cache profiles on semantic queries. In this experiment,
the optimizer is STRETTO in both configurations. The baseline configuration uses uncompressed KV
caches, corresponding to compression ratio 0. The cache-aware configuration exposes the same optimizer
to the full KV-cache frontier, including compressed profiles. The comparison does not measure the
benefit of caching itself (both configurations use cached representations), but it isolates the benefit of
adding compressed cache profiles to the physical design space.
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Table 3: Runtime—quality trade-off induced by KV-cache profiles. Each row represents a physical
implementation defined by a model and compression ratio. Results are averaged over queries (single
filter or map operator) for each dataset. Compressed cache profiles add intermediate points between
cheap and expensive operators. The Gold Operator is the largest model without compression.

Gold Model : 70B model with no compression = Pareto Optimal : On the Pareto frontier

MovVIE ROTOWIRE ARTWORK
Model Ratio | Runtime (s) F1 Score | Runtime (s) F1 Score | Runtime (s) F1 Score
0.00 47.59 1.0000 252.86 1.0000 499.51 1.0000
0.30 33.98 0.9612 166.54 0.9287 360.96 0.9573
0.50 32.71 0.9228 85.19 0.8833 268.28 0.9361
70B 0.60 29.83 0.8921 71.75 0.8468 232.38 0.9186
0.80 24.35 0.7217 51.67 0.7334 123.52 0.8653
0.90 22.72 0.4656 36.91 0.5858 38.02 0.8479
0.99 22.93 0.3074 34.31 0.1745 8.89 0.6830
0.00 16.19 0.7161 50.31 0.6285 20.18 0.7410
0.30 14.70 0.6970 36.82 0.6195 16.64 0.7409
sB 0.50 12.41 0.6759 27.90 0.6008 12.41 0.7281
0.80 8.89 0.5852 16.18 0.5038 9.51 0.6783
0.90 7.12 0.4064 13.56 0.4063 8.29 0.6663
0.99 - - - - 8.37 0.4971

The comparison is made under the same global precision and recall targets. This point is important:
both configurations satisfy the requested statistical quality guarantees. The difference is therefore not
that the cache-aware version trades away correctness for speed. Rather, compressed KV-cache profiles
give the optimizer additional non-dominated physical implementations, allowing it to find lower-runtime
plans that still meet the same quality constraints.

The effect is visible across the datasets in Figure 2. For loose quality targets, the optimizer can often
select aggressively compressed profiles or cheap cascade stages, leading to large runtime reductions. For
stricter targets, the optimizer uses higher-fidelity profiles more often, but cache-aware planning can still
reduce runtime by selecting smaller cache profiles that improve batching and reduce cache-loading costs.
The overall message is that KV caches are useful not only as a serving optimization, but as physical
operators that improve end-to-end query planning.

The gains are not uniform across datasets. They are largest on MOVIE, where many predicates are
sentiment-style judgments over text. Such tasks remain accurate even under aggressive compression,
because the relevant signal is coarse across the review. STRETTO can therefore select highly compressed
profiles while still satisfying the precision and recall targets. The gains are smaller on ROTOWIRE, where
factual details are more sensitive to information loss. This illustrates why exposing a frontier is useful:
the optimizer can exploit compression when the task is robust to it and fall back to higher-fidelity profiles
otherwise. Finally, for ARTWORK, the KV caches are very large, so avoiding the loading of multiple
cache profiles can outweigh the benefit of using smaller compressed caches in this small-scale experiment.
However, this should not be interpreted as evidence that uncompressed KV caches are preferable in
general: for realistic corpora with thousands of images, the uncompressed cache repository may become
too large to store, load and batch, making compression necessary to keep the physical design space
practical.
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Figure 2: Runtime comparison of STRETTO with uncompressed KV caches and STRETTO with compressed
KV-cache profiles. Both configurations use the same optimizer and workload, reuse KV caches, and
satisfy the requested statistical guarantees on output quality. The cache-aware configuration exposes
a richer physical design space by adding compressed profiles, enabling faster plans under the same
precision and recall targets.

Table 4: KV-cache storage sizes (in GB) across textual and visual datasets for different combinations of
model and compression ratio.

8B Model 70B Model
Ratio Movie Rotowire Artwork | Ratio Movie Rotowire Artwork
0.0 6.8 38 298 0.0 17 93 5800
0.5 3.4 19 149 0.3 12 65 4060
0.8 1.4 7.4 60 0.8 3.3 19 1160

4.5 Memory Requirements and Compression Impact

To quantify the storage requirements of maintaining multiple KV-cache configurations, Table 4 reports
the memory footprints across our benchmark workloads. The numbers show why cache profiles cannot
be materialized indiscriminately: for example, the uncompressed 70B cache footprint reaches 93GB on
ROTOWIRE and 5800GB on ARTWORK, while compression substantially reduces these requirements. In
the end-to-end experiments, exposing compressed profiles to the optimizer yields average speedups for
all precision/recall targets w.r.t. a baseline that uses uncompressed KV caches.

4.6 Takeaways

The experiments support two conclusions. First, compressed KV-cache profiles create a richer Pareto
frontier of physical operator implementations, with useful intermediate choices between cheap low-quality
operators and expensive high-quality ones. Second, exposing this frontier to STRETTO improves end-to-
end execution: the optimizer can select faster physical plans while satisfying the same statistical quality
guarantees.

5 Conclusion and Outlook

LLM-native data systems need a richer physical layer than model and prompt selection alone. As
semantic operators become part of declarative query engines, the system must decide not only which
model to invoke, but also how inference state should be materialized, compressed, reused, and exposed
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to the optimizer. KV caches provide one concrete example of this broader principle. When treated
as physical design structures, they create additional implementations of semantic operators and fill
gaps in the runtime—quality space. Pareto frontiers then make this expanded space manageable: the
optimizer can reason over a compact set of non-dominated alternatives instead of over a large collection
of redundant model-compression choices.

Empirical results illustrate the potential of this design. At the operator level, compressed KV-cache
profiles create diverse runtime—quality trade-offs across workloads. At the query level, exposing these
profiles to an optimizer enables faster physical plans while preserving the same quality guarantees.

Several research directions remain open.

Cache-aware physical design. Current cache-profile selection relies on a finite grid of models and
compression ratios. Future systems should make this process more adaptive. Given a workload, hardware
budget, and quality target, the system should decide which profiles to materialize, which to discard,
and when to refresh them. More generally, memory should become an explicit constraint in semantic
query optimization, rather than an implicit property of the serving backend. An optimizer would then
need to choose physical operators subject not only to runtime and quality constraints, but also to
storage and GPU-memory budgets for cached representations. This raises questions similar to index
and materialized-view selection, but with an additional quality dimension. Existing semantic query
optimizers would need to expose memory footprints in their cost models, propagate memory requirements
across multi-operator plans, and coordinate with the serving layer on batching, cache eviction, and
recomputation policies.

Robust quality estimation. The optimizer depends on estimates of the quality and runtime of each
physical implementation. These estimates are currently obtained from calibration workloads, but future
queries may differ from the calibration sample. A key challenge is to make quality estimates robust
under workload shift, model updates, and changing data distributions. This is especially important
when the system promises end-to-end quality guarantees.

Cache-derived statistics. Although this article focuses on execution, KV caches may also support
optimization-time statistics. Cached representations can help estimate predicate selectivity [20], join
survival rates, or the difficulty of an operator. This direction would make caches play a role closer to
classical database statistics: useful not only for faster access, but also for better planning. However, it
requires careful validation, since cache-derived signals may be model-specific and workload-dependent.

Beyond KV caches. KV caches are one instance of a more general idea: inference artifacts can
become physical design structures. Future LLM-native systems may expose other reusable internal
representations, intermediate reasoning traces, retrieval states, or learned operator summaries to the
optimizer. As the community shifts toward agentic workflows and Al-powered data clouds |1, 2|, caching
and reusing the intermediate tool-use and reasoning traces of these agents will become a pivotal dimension
of physical design. The broader research question is how to define a principled physical algebra for
LLM-native execution, where inference state, quality estimates, memory footprint, and runtime all
become first-class optimization dimensions.
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