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Abstract

Large Language Models (LLMs) deliver strong
performance but incur high inference cost in real-
world services, especially under workloads with
repeated or near-duplicate queries across users
and sessions. In this work, we propose Mem-
Boost, a memory-boosted LLM serving frame-
work that enables a lightweight model to reuse
previously generated answers and retrieve rele-
vant supporting information for cheap inference,
while selectively escalating difficult or uncer-
tain queries to a stronger model. Unlike stan-
dard retrieval-augmented generation, which pri-
marily grounds a single response, MemBoost
is designed for interactive settings by support-
ing answer reuse, continual memory growth, and
cost-aware routing. Experiments across multi-
ple models under simulated workloads show that
MemBoost substantially reduces expensive large-
model invocations and overall inference cost,
while maintaining high answer quality compa-
rable to the strong model baseline.

1. Introduction

Large Language Models (LLMs) (Hurst et al., 2024; Team
et al., 2023) have demonstrated strong capabilities in natural
language understanding, instruction following (Chung et al.,
2024; Ouyang et al., 2022), coding (Gao et al., 2023; Ni
et al., 2024), and decision-making (Anil et al., 2023; Wei
et al., 2022). However, deploying frontier-scale models in
real-world services remains expensive, as inference often
requires multiple high-end GPUs, especially for long-form
reasoning and explanation-heavy responses (Kwon et al.,
2023; Park et al., 2025). These costs are amplified in pro-
duction settings where many user queries are repeated or
near duplicates, causing redundant computation. A widely
adopted direction to mitigate these costs is to shift part of
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the workload to smaller models with retrieval-augmented
generation (RAG) (Lewis et al., 2020; Guu et al., 2020;
Borgeaud et al., 2022). RAG allows a model to externalize
knowledge into a searchable index and condition generation
on retrieved evidence, reducing the need to store everything
in parameters (Izacard et al., 2023; Fan et al., 2025). For
example, Atlas (Izacard et al., 2023) demonstrates that the
RAG model with far fewer parameters can be competitive
with, and in some regimes outperform, much larger models
on knowledge-intensive tasks.

However, most existing RAG work primarily targets knowl-
edge grounding, i.e., improving the answer to a single query
by retrieving external documents (Lewis et al., 2020; Guu
et al., 2020). In contrast, interactive LLM services exhibit
additional properties that are not addressed by standard RAG
alone. First, many queries that are semantically equivalent
are repeatedly requested across users and sessions. Recom-
puting these same answers wastes GPU time. This motivates
semantic caching, which retrieves a previously generated
response when a new query is semantically similar (Gill
et al., 2025; Yu et al., 2025; Liu et al., 2025). However,
making this reliable requires careful control. Second, de-
ployed LLMs continuously generate new high-quality an-
swers. When these answers are valuable, they should be
written back into the retrieval memory so that a semantic
cache can serve future similar queries cheaply. However,
this write-back mechanism raises practical questions, such
as what/when to store it. Finally, although small models
augmented with retrieval can be competitive on knowledge-
intensive tasks, their capabilities remain limited on more
challenging requests. A practical system should therefore
enable the small model to escalate to a stronger model when
retrieval is insufficient, aligning with recent work on routing
across multiple LLMs (Ong et al., 2024; Zhang et al., 2025;
Moslem & Kelleher, 2026) to balance quality and cost.

These observations suggest a missing system-level
paradigm: a unified approach that enables a small model
to cheaply reuse supporting knowledge or prior answers
from semantic memory, selectively defer to a stronger but
costly model when retrieval is insufficient, and continu-
ously write back useful new information into the retrieval
memory, while explicitly balancing answer quality and in-
ference cost. In this paper, we introduce MemBoost, a
memory-boosted architecture with three components: (1)



Submission and Formatting Instructions for ICML 2026

an Associative Memory Engine (AME) that performs fast
semantic retrieval and supports write-back of newly gener-
ated answers; (2) a high-capability Large-LLM Oracle that
provides an accurate fallback when memory is insufficient;
and (3) a lightweight Meta Controller, which is a small
LLM that composes the final response by either reusing
from memory or routing the query to the oracle, and support
write back mechanism for future reuse, thereby balancing
quality and cost. Together, MemBoost turns inference into
a “retrieve-or-escalate” decision problem, substantially re-
ducing expensive large-model calls while preserving answer
quality. Experiments on the MMLU-Pro dataset (Wang
et al., 2024) under a simulated workload with repeated and
near-duplicate queries show that MemBoost substantially re-
duces calls to the costly large LLM while largely preserving
the answer quality of the oracle model.

2. MemBoost: Memory-Boosted LLLM Serving
Framework

2.1. Problem Setup

Unlike standard single-turn question answering (QA) tasks
studied in prior work, we consider a setting with continu-
ous interaction between multiple users and an LLM service,
where incoming queries may be exact duplicates or semantic
near-duplicates over time. At each time step ¢, the system
receives a user query x; and produces an answer ;. We use
a ground-truth quality signal r(x, y;) to measure whether
the response is helpful, correct, and aligned with the user’s
intent. Our objective is to maximize the average response
quality over a horizon T', max = ZZ;I r(x¢,y:), while
minimizing the overall inference cost, as formalized in Sec-
tion 2.3.

2.2. Overview of MemBoost

As discussed above, in production settings, repeatedly in-
voking a frontier model to answer semantically redundant
queries wastes substantial compute. To mitigate this in-
efficiency while balancing quality and cost, we propose
MemBoost, a memory-boosted LLM serving system com-
posed of three components (Figure 1): Associative Memory
Engine, Large-LLM Oracle and Meta Controller.

Associative Memory Engine (AME). AME maintains an
external memory that stores auxiliary knowledge as well as
previously answered queries and their associated responses,
and supports fast semantic retrieval. Concretely, given a new
query x at time ¢, AME retrieves a small set of K candidate
memory entries M; = {(z(), 4" m®)}  where m()
denotes metadata (e.g., query category). The AME stores
the question-answer pair for retrieval together with the qid
(a unique identifier provided by the dataset), the category
and the timestamp. In addition, AME supports write-back
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Figure 1. Overview of MemBoost. For each incoming query,
the AME retrieves a small set of relevant memory entries. The
MC then either composes an answer from the retrieved results or
escalates to the Oracle. When the Oracle is used, the MC decides
whether to write the new answer back into the AME for future
reuse.

by storing newly generated high-quality entries (x¢, y¢, M)
when instructed by the Meta Controller.

Large-LLM Oracle. The oracle is a high-capability model
that produces high-quality answers but incurs high inference
cost. We use it as a fallback: the system queries the oracle
when retrieval from AME is missing, ambiguous, or deemed
unreliable by the Meta Controller. We denote the oracle’s
response to query x; as y; = Oracle(zy).

Meta-Controller (MC). MC is a lightweight LLM that
orchestrates the interaction among the user, AME, and
the oracle. At each step, MC decides whether to answer
using information retrieved from AME or to escalate to
the oracle. When escalation occurs, MC also determines
whether the newly generated query answer pair should
be stored in AME for future reuse. Concretely, given a
query x;, MC first requests retrieval from AME and ob-
tains M,. Conditioned on z; and M, MC either returns
an answer directly, y; = MC(zy, M), or calls the oracle
to obtain y; = Oracle(z;) and returns y; = y;. In the
latter case, MC may optionally write (¢, yf, m;:) back into
AME, where m; denotes metadata inferred by MC. This
“retrieve — decide — escalate (if needed) — write-back (if
needed)” loop reduces expensive oracle calls under repeated
queries while preserving high answer quality when retrieval
is insufficient.

2.3. System Cost

To model system efficiency, let co(z;) denote the cost of
an oracle call at time ¢ (e.g., GPU time, energy, or mon-
etary cost), cps(z¢) the cost of running the lightweight
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MC, and cg(x;) denote the cost of retrieval (e.g., CPU
time). In typical deployments, co(z;) is much larger than
ey () + cr (), since frontier-model inference dominates
GPU compute, whereas retrieval is primarily CPU-bound
and inexpensive relative to large-model generation. Let
I, € {0, 1} indicate whether the retrieval information from
AME is used at time ¢ (I; = 1 if memory is used, and I; = 1
if the system escalates to the oracle). The total cost over T'
steps is

T

T
Cr = Z(cM(xt) + cr(zy)) + Z (1 —=1It) co(wy).
=1

t=1

By contrast, an oracle-only baseline would cost approxi-
mately C9*® = 5™ ¢ (2). So our framework achieves
cost savings whenever Cr < C%®. Equivalently, this
condition can be written as

S

Z[t co(xy) > Z(CM(M) + CR(fUt))-

t=1

Putting quality and cost together, our goal is to achieve
oracle-level quality with significantly fewer oracle invoca-
tions:
1 X
T Z (x4, Y1)
t=1
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3. Experiments

In this section, we evaluate MemBoost in terms of both
(i) reducing inference cost and (ii) retaining high response
quality.

3.1. Experiment Setup

We evaluate the proposed MemBoost framework on the
MMLU-Pro dataset (Wang et al., 2024), a widely used and
challenging benchmark that covers diverse disciplines and
is designed to more rigorously assess LLM capabilities. We
use the Business category of the MMLU-Pro dataset and
ground truth label answers as our benchmark for comparing
the accuracy of the meta-controller (MC) with the Large
LLM (Oracle). As the Business category contains 768 exam-
ples it is large enough to fit 5000 requests of the chosen Zipf
distributions. To emulate real-world LLM-serving work-
loads where many requests are repeated or near-duplicated,
we generate a query stream by sampling MMLU-Pro ques-
tions according to a Zipf distribution (Zipf, 1949). This pro-
duces a heavy-tailed access pattern in which a small number
of questions occur frequently while most questions appear
rarely, capturing the repetition behavior commonly observed
in practice. We vary the Zipf parameter («) to obtain dif-
ferent repetition rates and study how workload skew affects
MemBoost. For the lightweight Meta Controller (MC), we

Component Hyperparameter Value

Traffic simulation ‘Workload distribution Zipfian
Zipf exponent (cv) {0.8,1.1,1.4}
Number of requests (N) 5,000

Random seed 1

all-MiniLM-L6-v2
Cosine (FAISS inner product)
0.95

Associative Memory Engine  Embedding model
Similarity metric
Similarity threshold (7)

Retrieval top-k 3
LLM generation (MC) Temperature 0.0
Max generation tokens 4096
Frequency / presence penalty 0.0
Chat template kwargs "enable_thinking"=false
LLM generation (Oracle) Temperature 0.0
Max generation tokens 4096
Frequency / presence penalty 0.0
Environment Python version 3.10
NVIDIA driver 573.57
CUDA version 12.8

Table 1. System and hyperparameter configuration for the continu-
ous serving simulation.

evaluate several small-scale LLMs, including Qwen-3.5-
2B (Qwen Team, 2026), Ministral-3-3B-Instruct-2512 (Liu
et al., 2026), and Qwen3-4B-Instruct-2507-FP8 (Yang et al.,
2025). For the Large-LLM Oracle, we use Qwen3-14B-
FP8-dynamic (Yang et al., 2025; Micikevicius et al., 2022).
To support fast retrieval in the Associative Memory En-
gine (AME), we embed stored query-answer pairs using all-
MiniLM-L6-v2 (Wang et al., 2020; Reimers & Gurevych,
2019) and perform approximate nearest-neighbor search
with a FAISS cosine-similarity index (Douze et al., 2024).

To ensure reproducibility of our experiment runs, we attach
the exact hyperparameters as found in Table 1 which we
used across all experiments. All models were served using
the vLLM library to optimize for throughput and latency
(Kwon et al., 2023). To ensure fair inference time compar-
isons, the Meta-Controller including the small LLM and
the Associative Memory Engine and the Large LLM Ora-
cle (solver) were each deployed on a dedicated NVIDIA
A100 80GB GPU. Both the Meta-Controller and the Large
LLM Oracle are configured with Temperature = 0.0 to main-
tain deterministic responses. In addition the Oracle and the
Router model had a 4,096 max tokens setting to allow for
5-shot Chain-of-Thought reasoning. We use the Business
category of the MMLU-Pro dataset and ground truth label
answers as our benchmark for comparing the accuracy of the
meta-controller (MC) with the Large LLM (Oracle). As the
Business category contains 768 examples it is large enough
to fit 5000 requests of the chosen Zipf distributions.

3.2. Preliminary Results

Table 2 reports accuracy (%) against the MMLU-Pro ground-
truth labels for different methods under Zipf-sampled query
streams with varying repetition rates (Zipf exponent «).
Across all settings, MemBoost consistently improves over
the corresponding small-model baselines and achieves per-
formance comparable to the oracle. Notably, MemBoost
with Qwen3.5-2B even outperforms the oracle in all three
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Accuracy (%)

Model

Zipf 0.8 Zipf 1.1 Zipfl.4
Baselines
Qwen3.5-2B 50.0 43.5 37.1
Ministral-3-3B-Instruct-2512 53.8 46.4 38.2
Qwen3-4B-Instruct-2507-FP8 74.5 75.6 80.5
Qwen3-14B-FP8-dynamic (Oracle) 76.4 799 85.0
MemBoost (ours)
MemBoost (Qwen3.5-2B) 76.7 81.8 87.4
MemBoost (Ministral-3-3B-Instruct-2512) 76.2 79.7 85.0
MemBoost (Qwen3-4B-Instruct-2507-FP8) 76.1 79.8 85.0

Table 2. Accuracy (%) of different methods on MMLU-Pro under
Zipf-sampled query streams with varying repetition rates (Zipf o).

workloads. We attribute this to MemBoost’s ability to reuse
previously generated high-quality answers through semantic
memory: once a question (or a near-duplicate) has been an-
swered correctly and written back, subsequent occurrences
can be served directly from memory, avoiding additional
generation errors. Finally, MemBoost exhibits a clear im-
provement as the workload becomes more skewed (larger
«), since higher repetition rates lead to more memory hits,
thereby increasing the fraction of queries answered using
stored correct responses.

100 -

% memory use

Zipf 0.8

% memory use

Zipf 1.1

100 -
" [WWW_'

Zipf 1.4

% memory use

40 - T T T T T
0 1000 2000 3000 4000 5000
Zipf step

—— MC + Qwen3.5-2B MC + Qwen3-4B

MC + Ministral-3-3B

Figure 2. Average memory-use rate I; (200-step window) over a
5,000-step Zipf-sampled query stream. Higher /; indicates more
queries served from AME and fewer oracle calls, implying lower
total inference cost.

To quantify the serving cost of MemBoost, we report the
average memory-use rate over a 200-step window, i.e.,
T, = 53, 1o Ls, where I, = 1 indicates that the
system answers using information retrieved from AME (and
I, = 0 indicates escalation to the oracle). Under our cost
model, where the oracle cost co is assumed to dominate the
Meta Controller and retrieval overhead cy; + cg, a larger
1; corresponds to fewer oracle calls and thus lower total
cost. Figure 2 plots I; over the 5,000-step workload for
different MC choices and Zipf distributions. In all settings,
I increases over time as AME is progressively populated
via the write-back mechanism, indicating that an increas-

Response time (s)
N

0 1000 2000 3000 4000 5000

Zipf step
Qwen3-14B (solver baseline)
—— MC + Qwen3.5-2B

MC + Qwen3-4B
—— MC + Ministral-3-3B

Figure 3. Response latency over time under Zipf-sampled work-
loads (average over the previous 100 steps). MemBoost reduces
latency relative to the oracle-only baseline as an increasing fraction
of queries are served from AME.

ing fraction of queries are served from memory rather than
escalated to the oracle. Under our cost model, this implies
that MemBoost achieves lower total cost than an oracle-only
baseline. Moreover, memory usage is consistently higher
under more skewed workloads (larger Zipf «), where re-
peated queries occur more frequently, further reducing the
number of expensive oracle calls.

In addition to accuracy and system cost, we also report the
latency of MemBoost. Figure 3 shows the average response
time over the previous 100 steps during the 5,000-step Zipf-
sampled workload. As MemBoost increasingly answers
queries using AME over time, the average latency steadily
decreases and remains well below the oracle-only baseline.

Overall, these results indicate that MemBoost is particularly
effective for repeat-heavy workloads, preserving the strong
answer quality of the larger oracle model while significantly
reducing system cost and response latency.

4. Conclusion

In this paper, we introduced MemBoost, a memory-boosted
architecture for efficient LLM serving under interactive,
repeat-heavy workloads. By combining an Associative
Memory Engine, a high-capability Large-LLM Oracle, and
a lightweight Meta-Controller for routing and response com-
position, MemBoost reduces redundant large-model infer-
ence while preserving answer quality. We hope MemBoost
provides a practical foundation for building next-generation
LLM services that jointly optimize quality, cost, and respon-
siveness.

Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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A. Limitations

While MemBoost shows promising accuracy and reduced inference cost on MMLU-Pro, the framework has not yet been
evaluated in more diverse and demanding settings, such as open-ended long-form question answering or coding tasks,
where outputs are longer, and error modes may differ. In addition, although Zipf sampling is used to simulate repeat-heavy
workloads, the current simulation largely reflects repeated questions drawn from a fixed benchmark. In real deployments,
queries are often not exact duplicates but only semantically similar, which can increase the risk of retrieval errors. A more
realistic evaluation would therefore include workloads with paraphrased or semantically overlapping queries to stress-test
robustness, particularly with respect to potential false hits in AME retrieval.

B. Related Work
B.1. Retrieval-Augmented Language Modeling

Retrieval-augmented generation (RAG) is a common way to improve language models by letting them look up relevant
information from an external collection of documents, and then using that retrieved text to help produce an answer (Lewis
et al., 2020; Liu et al., 2024; Du et al., 2024; Mansurova et al., 2024). Early work explored different ways to combine
retrieval with generation, including training the retriever together with the language model (Guu et al., 2020), using retrieval
to support open-domain question answering and other knowledge-intensive tasks (Lewis et al., 2020; Izacard et al., 2023),
and scaling retrieval to very large datastores to improve language modeling and downstream performance (Borgeaud et al.,
2022). A key advantage of these approaches is that knowledge can be updated by changing the document index, without
having to retrain the model, and retrieval can improve factual coverage without simply making the model larger (Guu et al.,
2020; Lewis et al., 2020; Izacard et al., 2023). More recent work studies how to make retrieval easier to use in practice. For
example, some methods encourage the model to retrieve only when needed and to check whether the retrieved evidence
actually supports the response (Asai et al., 2023). Overall, however, the main goal of RAG remains the same: improving the
quality of a single response by grounding it in external evidence. As a result, standard RAG typically does not focus on
reusing previously generated answers across users or sessions, nor does it explicitly support escalating to a stronger model
when retrieval is insufficient.

B.2. Semantic Caching

Semantic caching extends classical caching to LLM services by reusing previous answers not only for exact duplicate
queries, but also for queries that are semantically similar. In practice, a system stores past query-response pairs, represents
queries with embeddings, and returns a cached response when a new query is close enough to an existing one, avoiding a
full model call (Bang, 2023; Regmi & Pun, 2024; Li et al., 2024; Wang et al., 2025a). Recent work has shown that this can
significantly reduce latency and cost in real deployments, since many user requests concentrate on a small set of recurring
intents (Bang, 2023; Li et al., 2024). At the same time, semantic caching introduces new reliability challenges. Because
a false hit can directly harm correctness (e.g., returning an answer for a different but similar-looking question), while a
false miss loses potential savings (Gill et al., 2025). This has motivated work on improving similarity matching and cache
policies, including user-centric designs (Gill et al., 2025), context-aware caching for multi-turn interactions (Yu et al., 2025),
and more principled formulations of cache management and eviction under unknown workloads (Liu et al., 2025). Overall,
prior semantic caching research typically focuses on when to reuse cached outputs and how to manage the cache, but it often
treats the fallback generation model and the caching layer as loosely coupled components (Bang, 2023; Li et al., 2024).

B.3. Routing in LLMs

A complementary line of work studies routing across multiple LLMs to reduce inference cost (Chen et al., 2023; Ong
et al., 2024; Zhang et al., 2025; Wang et al., 2025b; Fedus et al., 2022). The core idea is to maintain a pool of models with
different cost-quality trade-offs and decide, for each query, which model to use. Many systems follow a cascade pattern:
attempt a query with a cheaper model first and escalate to a stronger model only when needed, guided by a confidence or
quality estimate (Chen et al., 2023). More recent approaches learn routing policies directly from preference data so that
routing decisions better match human judgments of quality while reducing expensive model calls (Ong et al., 2024). Beyond
single-step routing, recent work also explores more adaptive and sequential routing strategies. For example, some methods
treat routing as a multi-round decision process and train routers that interleave reasoning with routing actions (Zhang et al.,
2025). Other work considers routing in heterogeneous model pools where different models have complementary strengths,
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requiring robust routing strategies under distribution shift (Wang et al., 2025b). While routing methods are effective at
reducing calls to the strongest model, they typically assume that each query is still handled by some model generation
pass and do not explicitly leverage cross-request answer reuse as a primary mechanism for efficiency (Chen et al., 2023;
Ong et al., 2024). Separately, there is also extensive work on routing within a single model, such as mixture-of-experts
architectures, which improves efficiency by activating sparse components but addresses a different level of the system
stack (Fedus et al., 2022).



