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ABSTRACT

Semantic caches return cached responses for semantically similar prompts to re-
duce LLM inference latency and cost. They embed cached prompts and store
them alongside their response in a vector database. Embedding similarity metrics
assign a numerical score to quantify the similarity between a request and its nearest
neighbor prompt from the cache. Existing systems use the same static similarity
threshold across all requests to determine whether two prompts can share similar re-
sponses. However, we observe that static thresholds do not give formal correctness
guarantees, result in unexpected error rates, and lead to suboptimal cache hit rates.
This paper proposes vCache, the first verified semantic cache with user-defined
error rate guarantees for predictable performance. It employs an online learning al-
gorithm to estimate an optimal threshold for each cached prompt, enabling reliable
cache responses without additional training. Our experiments show that vCache
consistently meets the specified error bounds while outperforming state-of-the-art
static-threshold and fine-tuned embedding baselines with up to 12.5x higher cache
hit and 26 x lower error rates. We release the vCache implementation and four
benchmarks to support future research.

1 INTRODUCTION

Large language models (LLMs) power applications ranging from conversational assistants to search
engines and code generation, but their widespread use is limited by the high computational cost and
inference latency (Zhao et al., 2023; Xiong et al., 2024; Achiam et al., 2023). Each new prompt
requires multiple expensive forward passes through the model, which makes deployments costly and
slow (Kwon et al., 2023). Prompt caching offers a natural way to mitigate this issue: if a prompt
has already been answered, the system can return the cached response instead of performing another
inference. Traditional exact string-match caching reduces cost by returning responses for repeated
prompts, but it fails whenever the same intent is expressed in different words (Zhu et al., 2024). For
example, a cache that already answered “Which city is Canada’s capital?” should also return the
same response when later asked “What is the capital of Canada?”’. Semantic caching addresses this
limitation by retrieving responses for prompts that are semantically similar, even if their lexical form
differs, and reduces inference latency by up to 100x (Bang, 2023). Semantic caches are effective in
single-turn interactions with short to medium context, such as web search queries or classification
tasks, where requests reappear in paraphrased forms but map to the same underlying response (Liu
et al., 2024b; Wang et al., 2024). In this paper, we study the reliability of semantic caches in returning
correct responses for semantically similar prompts.

Semantic caches operate as follows. The cache embeds every prompt request x into a vector £(z) €
R? and retrieves the semantically most similar prompt nn(x), alongside its response (nn(z)), from
a vector database (Pan et al., 2024). The cache measures similarity (e.g., cosine similarity) between
two embeddings using s(z) = sim(&(x),E(y)) € [0, 1]. If no sufficiently similar prompt is found,
an LLM generates a response and adds the embedded prompt along with the response to the vector
database in the cache.

To determine whether a new prompt is sufficiently close to an existing prompt in the cache, state-
of-the-art semantic caches rely on a user-selected threshold ¢ € [0, 1] (Bang, 2023; Li et al., 2024;
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Dasgupta et al., 2025; Razi et al., 2024; Sudarsan & MasayaNishimaki, 20&(x) Ift , the
system performs exploitation (cache hit) by returning the cached respoingg)) . Otherwise, it
performs exploration (cache miss) by querying the model for a new resppf)isel he cache adds
E (x) to the vector database, stores r(x) in its metadata, and returns r(x).

However, selecting an appropriate thresholsinontrivial. If the threshold is set too low, the system
may treat unrelated prompts as similar, resulting in cache hits where the retrieved ragpn(9¢
differs from the correct outpu(x) . These false positives reduce response quality and compromise
cache reliability. Ift is too high, the system may forgo correct cache hit opportunities and invoke the
model unnecessarily (Rekabsaz et al., 2017).

Existing systems use the same static similarity threshold across all requests. Users either use a
prede ned threshold (e.g., 0.8) or determine one by testing multiple values upfront (Dasgupta et al.,
2025; Li et al., 2024; Dan Lepow, 2025; Razi et al., 2024; lit, 2025; Bang, 2023). This approach
assumes that similarity correlates uniformly with correctness across all prompts and their embeddings.
However, two prompts may be close in embedding space yet require different responses. Figure 3
illustrates that correct and incorrect cache hits have highly overlapping similarity distributions,
suggesting that xed thresholds are either unreliable or must be set extremely high to avoid errors,
making them suboptimal. Another signi cant limitation of existing semantic caches is the lack of
error-rate guarantees. While the latency bene ts of caching are appealing, the risk of returning
incorrect responses can outweigh those advantages. For widespread adoption, semantic caches must
adhere to user-de ned error rate tolerances.

We propose vCache, the rst veri ed semantic cache with theoretical correctness guarantees. vCache
learns a separate threshold (Figure 1) for each embedding in the cache, capturing the threshold
variability observed in Figure 3. It requires no upfront training, is agnostic to the underlying
embedding model, and dynamically adapts its thresholds to the data distribution it encounters. As
a consequence, vCache is robust to out-of-distribution inputs. To our knowledge, no prior work in
semantic caching 1) learns thresholds in an online manner and 2) guarantees their correctness.

We adopt a probabilistic framework to bound the error rate conditioned on a learned per-embedding
threshold. When deploying vCache, the user speci es a maximum error rate bpand the system
maximizes the cache hit rate subject to this correctness constraint (Figure 2Cd@te(x) denote

the response returned by vCache. Letenote the exploration probability—a value monotonically
decreasing in the likelihood of being correct—and calibrated such that the overall error rate remains
below the user-speci ed bound (Section 4). The decision rule modeling the probability of being
correct for whether to exploit the cached response or explore an LLM inference is given by:

r(nn(x)) Uniform(0; 1) > ;

vCache(x) = LLM(X) otherwise:

@

An illustrative overview of the vCache work ow and system architecture is provided in Appendix B.

We evaluate the effectiveness of vCache in terms of correctness guarantees and overall performance.
To assess generalizability, we compare vCache across three embedding models, two LLMs, and
ve datasets. We nd that vCache consistently meets the error-rate bounds and outperforms static
threshold baselines, even when using ne-tuned embeddings. Speci cally, it achieves up to 12.5
higher cache hit rates and reduces error rates by up to 26. Our main contributions are as follows:

1. We propose vCache, the rst predictable semantic cache that enforces a user-de ned correctness
guarantee by bounding the error rate.

2. We introduce an online threshold learning algorithm that requires no prior supervised training,
adapts to the observed data distribution, and is agnostic to the choice of embedding model.

3. We demonstrate that embedding-speci ¢, dynamic thresholds improve decision quality. By
learning a separate threshold per cached embedding, vCache achieves equal or better performance
compared to both static thresholding and ne-tuned embeddings.

4. We introduce four benchmarks, derived from ve real-world datasets, that capture common
semantic cache use cases: classi cation tasks, search queries, and open-ended prompt distributions.

5. We release the vCache implementatidrand four benchmarks to support future research.

https://github.com/vcache-project/vCache
2https://huggingface.co/vCache
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Figure 1: The static threshold in existing se-

mantic caches enforces naive decision bound-

aries, resulting in either low cache hit or high

error rates. vCache's embedding-speci ¢ and

dynamic thresholds learn decision boundaries Figure 2: Exploration probability foemby, and

to guarantee a user-de ned maximum error embyzg. Top: Observations are perfectly separable.
rate. Gradient shading re ects decreasing Bottom: Observations are overlapping. vCache
con dence in correctness as similarity to the selects the optimdt and adjusts the exploration
cached embedding decreases. probability based on the user-de ned = 0:01.

2 RELATED WORK

Existing semantic caches, such as GPTCache (Bang, 2023) and industry variants (Razi et al., 2024,
Dan Lepow, 2025; lit, 2025; Dasgupta et al., 2025; Li et al., 2024), use a global similarity threshold
to make cache hit decisions. This assumes a uniform correlation between similarity and correctness
across all prompts and embeddings. However, as illustrated in Figure 3, similarity distributions vary
widely, making xed thresholds unreliable. Further details are provided in Appendix F.9.

Semantic Cache Optimization. The threshold dilemma illustrated in Figure 3 can be addressed via
two approaches: optimizing the embedding space or learning more effective thresholding strategies.

Embedding Fine-tuning: Zhu et al. (2024) propose a distillation-based method that ne-tunes
embeddings for semantic caching, improving alignment between semantically equivalent prompts
and their responses. A related challenge arises in image retrieval, where systems must determine
whether a nearest neighbor corresponds to the correct target class. Zhang et al. (2023a) address this
by introducing the Threshold-Consistent Margin loss, which enforces tighter intra-class cohesion
and clearer inter-class separation by selectively penalizing negative pairs. However, they require
supervised training, are limited to open-source embedding models, and can fail to generalize to out-of-
distribution data at inference time (Hajipour et al., 2024). vCache's online learning algorithm does not
require training, is model-agnostic, and generalizes to out-of-distribution data (see Appendix H.1).

Threshold Optimization: Threshold optimization learns a decision boundary over existing embeddings
without modifying the embedding model itself (Zhang et al., 2023b). To our knowledge, no prior work

in semantic caching learns thresholds online at inference time. Yet, as shown in Figure 3, the optimal
similarity threshold varies signi cantly across embeddings, motivating embedding-speci ¢ and online
threshold estimation. Related ideas have been explored in incremental learning. For example, Rudd
et al. (2017) propose the Extreme Value Machine (EVM), which models class boundaries using
extreme value theory to support generalization to unseen categories. However, these methods do not
guarantee user-de ned error rates. In contrast, we introduce the rst online algorithm that estimates
per-embedding thresholds for semantic caches while satisfying a user-de ned error bound.

Semantic Cache Guarantees. Even with high-quality embeddings and a presumably carefully
tuned threshold, semantic caches remain inherently approximate. Unless a threshold of 1.0 is used
(effectively restricting cache hits to exact prompt matches), there is always a risk of returning
incorrect responses (Razi et al., 2024; Jim Allen Wallace, 2024). Despite this, existing semantic
caching systems rely on xed thresholds to decide whether to return a cached response (Dasgupta
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et al., 2025; Li et al., 2024; Dan Lepow, 2025; Razi et al., 2024; lit, 2025; Bang, 2023). As a result,
they offer no formal guarantees on accuracy or error rates, making it dif cult to justify their reliability

in production environments. To address this, we propose vCache, the rst semantic caching system
that combines competitive performance with a user-de ned correctness guarantee.

3 OVERVIEW OF SEMANTIC CACHING

excludes prompts for which a cache hit was found and served ld=inote all the data stored in

the cache. For each promypinserted into the cache, we store its vector embedHifg 2 R Y, the

true response(x) = LLM(x) produced by the LLM, and optional additional metadaix) . Given

E (x), the cache retrieves the most similar prompt from the vector database with an approximate
nearest neighbor search (Arya et al., 1998), where

nn(x) = arg max sim E(x);E(y) : (2)
y2C

In vCache, for a prompt;, the metadat®(x;) stores similarity and response match information
for all future promptsx; (with j > i ) such thann(x;) = x ;. The exact workings of vCache are
presented in Algorithm 1. The sets D and O can be represented as follows:
n On n Op
D= E() r(xi); Oxi) O(xi)= s(xj);c(xj) nn(xj)=x; minn 3)
wheres(x) 2 [0; 1] is the similarity betweer and its nearest neighban(x) andc(x) indicates if
the cached response of nn(x), r(nn(x)), matches the true response r(x).

1 ifr nn(x) =r(x);

s(x) =sim(E(x); E(nn(x)))  c(x) = 0 otherwise:

4)
Algorithm. Given a prompt, say, we rst compute the embedding(x) and nd its nearest
neighbor nn(x). The caching policy P then determines whether we should use the cached response
for this prompt éxploit) or run the LLM inferencedxplore). In case we decide to exploiinn(x))

is returned. Otherwise, we ru(x) = LLM(x) , computes(x) andc(x), update the observations
O(nn(x)) and add x to the database D using,

O(nn(x)) = O(nn(x)) [fs(x);c(x)g; D =D [f(E(x);r(x);;)g: ®)

The key challenge lies in designing a decision poldy: :), as it directly impacts both the cache hit
rate and the overall error rate.

Policy of existing systemsRgpicache (S(X)) ). In existing semantic caching systems, the decision
function is implemented as a xed threshold rule. Given a user-de ned threshtild cache exploits

if s(x) t by returning the cached resporrgan(x)) . Otherwise, it explores by invoking the model

for aresponse. As discussed in Section 2, this approach lacks formal guarantees and does not adapt
to variation in similarity value distributions.

Policy of vCache Pycache (S(X); O(NN(x)); ) ). vCache replaces static thresholding with an
embedding-speci c decision function that respects a user-de ned error boufihe function returns
exploit, the cache is suf ciently con dent and outputs the cached respoinsé€x)) (Algorithm 1,
L5). Otherwise, it returns explore by inferring the LLM. Section 4 provides further details.

Scope of de nitions. All quantities such asn(x) , s(x), andc(x), are evaluated at a xed (but
arbitrary) point in time. Since the analysis is performed online, these de nitions apply consistently
across time steps. Policy discussion always refers to a speci ¢ embedding in the cache, with all
parameters and estimates interpreted as conditional on it.

For ease of reference, a glossary of all symbols and functions is provided in Appendix A.

4 VvCACHE

Given a user-de ned maximum error ratevCache maximizes the cache hit rate while ensuring the
probability of correctness remains abdve . Instead of relying on an unreliable static threshold or
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Algorithm 1 vCache Work ow

1. e EXX)

2: 'y nn(x)

3 s(x) sim(e x;E(Yy))

4: if P(s;0(y); ) = exploit then
5 return r(y)
6: else
7

8

r(x) LLM(x)

Do c(x) = 1(r(x) = r(y))

9:  O(y) O(y)[f(s(x):;c(x))g
10: if :c(x) then

11: D D [f(E():r(x)::)g

12: end if

13: return r(x) Figure 3: Results from 45k samples in the Sem-
14: end if CacheClassi cation benchmark. Motivates the

need for dynamic, embedding-speci ¢ thresholds.
vCache work ow for deciding whether to ex- Top: Similarity values of correct and incorrect ex-
ploit a cached response (cache hit) or explore plorations exhibit highly overlapping distributions.
an LLM inference (cache miss). The decision Bottom: Optimal per-embedding thresholds vary
relies on theP,cache  POlicy (Section 4) and  substantially, indicating that no single threshold
guarantees a user-de ned error rate bound . can suf ce across embeddings (see Appendix F.9).

ne-tuned embeddings, vCache models probability distributions to make cache hit or miss decisions.
The distributions are speci ¢ to each embedding in the cache and model the probability of correct
cache hits for a given similarity value. To remain dataset agnostic and avoid costly of ine training,
vCache estimates these distributions online by selectively generating labels for uncertain similarity
values. Since generating a label requires an LLM inference, equivalent in cost to not using a cache,
vCache minimizes such inferences. We refer to such inferencegoéme and classify them as a
cache miss. For a given promptthe cached responsgn(x)) is considered uncertain when the
observation®©(nn(x)) do not provide suf cient evidence to determine whether the cached response
is correct €(x) = 1). In contrast, ifO(nn(x)) provides suf cient evidence, vCache proceeds with
exploit by returning the cached respongen(x)) without an LLM inference. The rest of this section
formalizes these ideas and provides a detailed explanation of the vCache paligye P

4.1 USER GUARANTEE

One of the key features of vCache is that it takes a user-de ned maximum error,ratel ensures
that the overall performance of the cache remains within this error boundCaehe(x) denote
the response returned by vCache, regardless of whether the decisionexasoie or exploit. Then,
an error rate guarantee of implies:

De nition 4.1 (user-guarantee). An error-rate guarantee dbr vCache implies that the marginal
probability of vCache returning the correct answer, given any arbitrary promjsg lower bounded
by (1 ). In other words,

Pr(vCache(x) =r(x)) (1 ): (6)

To achieve the error guarantee, vCache probabilistically decides wieeplimre and when texploit.
Let Pr expiore (XjD) be the probability that, given a prompiand having accumulated ddig vCache
decides to explore. Then, we can decompose the probability that vCache is correct as,

Pr(vCache(x)=r(x)) = Pr(explorejx; D) + (1 Pr(explorejx; D))Pr(c(x) = 1jx; D): (7)

This expression re ects two disjoint events. First, vCache decides to explore with probability
Pr(explorejx; D) , and in this case, the outpuCache(x) is same astLM(x) by design. In the
second case, the vCache decidesxploit with probability(1 Pr(explorejx; D)) and in this case,
the probability of vCache being correct is representeBrés(x) = 1jx; D) using notation from the
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previous section. To ensure error guarantees are maintained, we should have,

1 Pr(c(x) = 1jx; D

S prero Dy o (00 ©
To meet the guarantees, vCache modelsRHe(x) = 1jx;D) . This inequality provides an
actionable constraint: if the estimated probability of correctness from the cache is high, the system
may exploit; if the estimate is low, the system must explore. As lorfgréexplorejx; D) is larger

than the ¢ (S(X)) , the guarantees are achieved. Notation &f chosen to emphasize that it is a
function over similarities and is speci ¢ to each embedding in the cache.

Pr(explorejx; D)

Since vCache can only estima®e(c(x) = 1 j x;D) based on a limited number of samples, it
accounts for the uncertainty in the estimation by considering the con dence bdrc(f) = 1 |
x; D). The modeling details and the vCache policy are presented in the following subsection.

4.2 VCACHE MODELING

vCache imposes a sigmoid parametric model on the relationship between similarity and correctness.
Speci cally, for an arbitrary prompt x, the probability of correct cache hit is de ned as

1
1+e XY ’ ©)

wheres(x) 2 [0; 1] is the similarity ofx with its near neighbout 2 [0; 1] is an embedding-speci ¢
decision boundary parameter, and 0 is a parameter controlling the steepness of the function. The
sigmoid form is well-suited for this task: it induces a smooth and monotonic relationship between
similarity and correctness probability and enables ef cient maximum-likelihood estimation (MLE) of
the threshold from labeled data (justi cation in Appendix E). By tting a continuous likelihood
function rather than enforcing a hard threshold, vCache generalizes better from limited observations.

Pr(c(x) = 1jx; D) = L(s(x);t; ) =

The MLE estimates for the parameters, ﬁ@yx) and”ynx) , using all the meta-dat@,, solves
the binary cross entropy loss, h i

fino "o = @rgmin Egezo € l0g(L(sit; ) + (1c) log(l L(sit; )

(10)
Note that these parameters belong to a speci ¢ embedding in the cache (speci cally nn(x)).

Since these estimates are based on a limited number of samples, estimatingfnécpdeljx; D)

and thus the correct, (S(X)) is not possible. To ensure we still achieve guarantees, vCache,
instead computes a upper bound, $dgr ,yx) (S(x)) using pessimistic values for from the

(1 ) condence band for these points for som2 (0; 1) . Let these estimates b®); %) . We
compute “using,

) @OLEet A ) .
T %on 1 (Lt ) X)) ot (509): ()

The details of why* nne) (S(X)) and how to obtain con dence bands foand are explained in
Appendix C. Once we have we have to ensure that the probability of exploration is above this value
(see Eq 8). This is achieved by sampling a uniform random variabléniform(0; 1) . Ifu *

the vCache explores, i.e., runs the LLM model to obtain the correct response. Otherwise, it exploits
the cache by returnindnn(x)) . This randomized policy ensures that, in expectation, the system
explores suf ciently often to meet the correctness guarantee while maximizing cache usage when
reliability is high. The exact algorithm of hoexplore andexploit decisions are made is presented

in Algorithm 2. Figure 2 illustrates the vCache modeling, where each subplot shows one cached
embedding. Green and red points indicate correct and incorrect responses to observed similarities.
The yellow dashed curve is the sigmoid model, with thresfialbdtained by MLE. The blue dashed
curve represents the sigmoid t based on con dence bounds, with thresheddected to meet the
user-de ned error bound. The dark green curveés) denotes the exploration probability, where for

a given similarity s, vCache explores with probability (s) and exploits the cache otherwise.

4.3 VCACHE ALGORITHM

To summarize, the nal vCache algorithm works as follows. First, for each incoming pnonitpt
retrieves its nearest cached embeddirgnn(x) and ts a logistic decision boundafyy) using
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Algorithm 2 vCache Policy Rcache S(X); O(nn(X));

1: function Pycache (S(X); O(NN(X)); ) 1: functionG (s; £ 4 ;)

2. £~ argmin  LogisticLoss(t; ;O) 22 %0 L#®n1 )
3 .i.e solve Eq 10 3 (1 )L(xt o0
4: min 04 G (€ ;) 4 1)

5: u Uniform(0; 1) ‘ 1

6: ifu then 5 return

7: return explore 6: end function

8: else

9: return exploit

10: end if

11: end function

all labeled examples observed farlt then computes thé using Eq 11 by iterating over different
values of con dence. Then we use a uniform random variable Uniform[0; 1] andexploreif
u and exploit otherwise.

vCache makes two assumptions. First, the dateeceived by the cache is independently and
identically drawn from the underlying distribution. Second, the true probability of correctness of
response match given similarity, i.er(c(x) = 1jD; x) is well represented by the sigmoid family of
functions (Eq 9).. Under these assumptions, the vCache policy can provide user-de ned error-rate
guarantees, as summarized in the following theorem.

Theorem 4.1. Let 2 (0;1) be the user-provided maximum error tolerance. DejDj = n  be the

set of prompts seen by vCache at an arbitrary point in time. Then under the assumptions that prompts
D are drawn i.i.d. from underlying distribution and sigmoid family of functions (de ned in Eq 9)
correctly model the true likelihood of correctness for each embedding, the probability of correct
response from vCache for any arbitrary promxptexecuted in an online manner in accordance with
Algorithm 2, is guaranteed to be greatorthan1 . i.e.

Pr(vCache(x) = r(x)iD) (1 )8x;n (12)

5 EVALUATION

For our experiments, we use three popular embedding models (GteLargeENv1-5 (Zhang et al., 2024),
E5-large-v2 (Wang et al., 2022), and OpenAl text-embedding-3-small (ope, 2025)), and two LLMs
(Llama-3-8B-Instruct (Dubey et al., 2024) and GPT-40-mini (gpt, 2024)), representing both high-
quality proprietary models and ef cient open alternatives. We use the HNSW vector database (Malkov
& Yashunin, 2018) with cosine similarity, a standard metric for comparing vector embeddings in
semantic caching systems (Bang, 2023; Li et al., 2024; Dasgupta et al., 2025). All experiments are
conducted on a machine running Ubuntu 24.04.2 LTS, with an Intel Xeon Platinum 8570 CPU and an
NVIDIA Blackwell with 192 GB of memory.

Metrics. We measure the following metrics. (1) Error Rate: (Lower is better) de ne& Bsn,

where FP is the number of false positives and the total number of prompts. (2) Cache hit rate:
(Higher is better) de ned aéT P + FP)=n where TP and FP are true positives and false positives,
respectively. Together, TP and FP measure the total cache hits. We also show ROC curves Hoo et al.
(2017). For the non-deterministic evaluation of vCache (Algorithm 2, Line 5), we compute 95%
con dence intervals using Wallis binomial con dence bounds and contingency tests Wallis (2013).

Baselines. We use the following Cache-settings in our experiments

* GPTCache (zilliztech): SOTA using a static threshold for all embeddings (Parameter: threshold).

» GPTCache + Fine-tuned embedding: Changing the embedding model in GPTCache. Embedding
models are ne-tuned on data and method provided by Zhu et al. (2024) (Parameter: threshold).

» vCache: This is our proposed method (Parameter: error-rate bound ).

» vCache + Fine-tuned embedding (Zhu et al., 2024): Same as vCache, but uses a ne-tuned
embedding model (Parameter: error-rate bound ).

We implement additional baselines for ablations and show the results in Appendix F.8.
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Figure 4: vCache meets the user-de ned maximum error rate bowith steadily increasing

cache hit rates (vCache is learning). GPTCache shows increasing error and hit rates, illustrating the

unreliability of static thresholds. Static baselines use xed thresholds. See Figure 5 for a threshold vs.
Pareto comparison.
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Figure 5: Pareto comparison across a range of thresholds aides. Each point represents a full
run on all samples of a dataset.

Datasets. To the best of our knowledge, no realistic open-source benchmark currently exists for
evaluating semantic caches. We introduce and open-source four diverse benchmarks designed to
re ect common caching scenarios. Appendix H provides the complete dataset and benchmark cards.
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