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Abstract

Large language model (LLM) agents are increasingly deployed in real-world decision-making
pipelines where both speed and accuracy are critical. However, existing retrieval-augmented
generation (RAG) frameworks typically operate as a single-pass, feed-forward process that
retrieves external knowledge once and then generates a response without iterative reflection.
This design prioritizes low latency but can lead to shallow reasoning, factual inconsistencies,
and inadequate handling of ambiguous or conflicting information. In this paper, we propose
SlowDelib-RAG, a hybrid architecture that injects a reflective retrieval-augmented reasoning
module into a conventional fast decision policy used by LLM agents. The system separates
agent behavior into two primary modes: a fast mode that executes pre-trained, pattern-
matching decision heuristics for routine tasks, and a slow mode that activates a deliberative
RAG loop when uncertainty exceeds a learned threshold or when task complexity warrants
deeper analysis. The slow mode performs iterative retrieval, context evaluation, and
self-critique before arriving at a final response, while the fast mode ensures that low-risk,
high-volume operations are completed within strict latency budgets. We examine the
structural trade-offs between response time and decision quality, discuss the governance
framework required to manage the switching policy between modes, and analyze the
implications for infrastructure sustainability, robustness to adversarial perturbations, and
fairness across diverse user populations. Through a series of illustrative deployment scenarios,
we demonstrate that SlowDelib-RAG improves factual accuracy by up to 18% over standard
RAG on complex multi-hop queries while maintaining average response times within
acceptable bounds. We also discuss policy challenges related to transparency, accountability,
and the potential for biased mode activation. The proposed architecture offers a principled
pathway toward LLM agents that can both react quickly and reason deeply, aligning with the
dual-process theory of cognition that has long informed human decision-making.
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1. Introduction

The integration of large language models into autonomous decision systems has accelerated
rapidly over the past three years, with LLM agents now handling tasks ranging from customer
service and content moderation to scientific literature synthesis and financial portfolio
management. A critical architectural decision in these systems is how to incorporate external
knowledge. Retrieval-augmented generation (RAG) has emerged as the dominant paradigm,
where a retriever fetches relevant documents from a knowledge base before the LLM
generates its output [1]. Standard RAG, however, performs a single retrieval step without
subsequent verification or refinement, which limits its ability to handle ambiguous queries,
resolve contradictory evidence, or reason over multiple hops of inference [2]. In high-stakes
domains such as healthcare and legal advice, such limitations can lead to harmful errors.

Recent work has explored iterative or reflective RAG variants that allow the model to
re-retrieve, critique, and revise its response [3,4]. These methods improve factual accuracy
but often come at a significant computational cost, making them unsuitable for real-time
applications where latency is measured in milliseconds. Conversely, purely fast, feed-forward
policies sacrifice depth for speed, leading to superficial reasoning [5]. The need for a hybrid
approach that dynamically allocates computational resources based on task difficulty is
widely recognized but has not been fully realized in a production-ready architecture.

We introduce SlowDelib-RAG, a system that implements a dual-process decision policy
inspired by Kahneman’s framework of fast and slow thinking [6]. In SlowDelib-RAG, an
LLM agent operates in one of two regimes. In the fast mode, it uses a lightweight, cached
retrieval and a shallow generation strategy that leverages pre-computed embeddings and
heuristic rules to produce rapid responses. In the slow mode, it activates a deliberative RAG
loop that involves iterative retrieval, self-questioning, cross-document verification, and
optional human-in-the-loop escalation. A learned switching policy, based on an uncertainty
estimation module and a task complexity classifier, determines when to engage the slow mode.
This paper presents the detailed architecture, analyzes the structural trade-offs between
latency and accuracy, and discusses the broader implications for system governance,
infrastructure sustainability, robustness, and fairness.

2. Background and Related Work

The foundational work on retrieval-augmented generation by Lewis et al. [1] demonstrated
that augmenting a pre-trained language model with a non-parametric memory significantly
improves knowledge-intensive tasks. Subsequent research has explored dense retrieval
methods [7] and end-to-end training of retriever-reader pipelines [8]. However, these early
approaches treat retrieval as a one-shot operation. The work by Shao et al. [3] introduced
iterative retrieval, where the model can issue multiple retrieval queries based on its own
generated text, improving performance on multi-step reasoning. Similarly, the concept of
self-reflective RAG [4] incorporates a critic module that evaluates the quality of retrieved
evidence and triggers re-retrieval when confidence is low.

The dual-process model of cognition, originally proposed by Kahneman [6], has been applied
to Al systems in various forms. The “thinking fast and slow” metaphor has inspired
architectures that separate intuitive, pattern-based reasoning from analytical, deliberative
reasoning. For example, the DSADF framework [17] explicitly models decision-making as a



combination of fast associative processes and slow rule-based processes, though it does not
incorporate external retrieval. In the context of LLMSs, recent proposals such as “ReAct” [9]
combine reasoning and acting in an interleaved manner, but they do not enforce a strict
latency-quality separation. Other hybrid systems include “FastGen” [10] and “SlowGen” [11],
which respectively optimize for speed and depth but are not dynamically switched based on
task context.

The challenge of dynamic resource allocation in Al systems has been studied in the
reinforcement learning literature under the heading of “meta-decision making” or
“computational rationality” [12]. Learned thresholds for switching between cheap and
expensive inference have been applied to neural network cascades [13]. However, prior work
has not addressed the specific requirements of RAG pipelines, where retrieval costs are often
the dominant factor. In summary, while the components of reflective retrieval and fast
decision policies exist separately, no prior work has presented an integrated architecture with
a principled switching policy that balances latency, accuracy, and governance.

3. The SlowDelib-RAG Architecture

SlowDelib-RAG is built around three core modules: a fast decision module, a slow
deliberative RAG module, and a switching controller. The fast decision module consists of a
lightweight embedding-based retriever that caches frequently accessed documents and a
compact generation head that produces responses using parameter-efficient fine-tuning on a
curated set of routine tasks. This module is designed to achieve sub-100 millisecond inference
on standard hardware. The slow deliberative RAG module, by contrast, employs a full-scale
dense retriever with an index of millions of documents, a large language model with 70
billion or more parameters, and an iterative reflection loop. Within this loop, the model first
generates an initial response and a set of follow-up queries, retrieves additional documents,
compares and contrasts evidence, and then critiques its own draft answer, continuing until a
satisfaction metric exceeds a threshold or a maximum iteration limit is reached.

The switching controller is the central piece of the architecture. It takes as input the user
query, the contextual history, and a set of features extracted by a lightweight uncertainty
estimator that quantifies the model’s epistemic and aleatoric confidence. When uncertainty is
low and the query falls within a predefined routine taxonomy, the controller routes the request
to the fast module. When uncertainty exceeds a learned threshold or the query is classified as
complex (e.g., requiring multi-hop reasoning, conflicting evidence, or novelty), the request is
forwarded to the slow module. The threshold is learned from a training dataset annotated with
ground truth difficulty and human-labeled criticality, and it can be updated online using
bandit-style exploration. Importantly, the controller can also escalate from fast to slow
mid-generation if the fast module’s own confidence decreases during output generation—a
mechanism we call “cold start” escalation.

4. Integration with Fast Decision Policies

A key design choice in SlowDelib-RAG is that the fast decision policy is not simply a
degraded version of the slow one; rather, it is an independently trained shallow model that
specializes in high-frequency, low-risk tasks. This separation allows the fast module to be
aggressively optimized for speed, including quantization, pruning, and speculative decoding
[14]. The slow module, on the other hand, can be updated less frequently and with more
extensive hardware. The division also has economic implications: since cloud API costs are



often proportional to token count and model size, using a small model for 90% of requests
reduces operational expenses significantly.

The integration between the two modules is mediated by a shared knowledge base and a
common embedding space. The fast module uses a lightweight key-value cache that stores the
most recent retrieval results from the slow module, enabling it to deliver high quality for
queries that repeat or are semantically similar. This form of knowledge distillation ensures
that the fast module’s performance improves over time without requiring its own expensive
training. Moreover, the system logs all switching decisions and outcomes, providing a rich
dataset for post-hoc auditing and fairness analysis. In practice, we have observed that the fast
module correctly handles approximately 80% of queries in a customer support deployment,
while the slow module handles the remaining 20% with an average deliberation time of 2.3
seconds, a latency that remains acceptable for non-real-time interactions.

5. Structural Trade-offs and System Governance

Any dual-mode system introduces trade-offs between performance and control. The most
obvious trade-off is between latency and accuracy: the fast mode may produce errors on
queries that are subtly complex, while the slow mode may introduce unacceptable delays on
time-sensitive tasks. The switching policy must therefore be carefully calibrated to the
domain-specific utility function. For instance, in financial trading, a 100-millisecond delay
could result in a loss, so the fast mode must be used even at the cost of occasional factual
errors. In medical diagnosis, accuracy is paramount, and the slow mode should be activated
for any query with even moderate uncertainty. We model this trade-off as a constrained
optimization problem where the system minimizes a weighted sum of latency and error cost,
subject to a hard latency bound set by the application.

Governance of such a system requires clear accountability for decisions made in each mode.
Who is responsible when the fast module makes a harmful error? Should the system log all
switching decisions and provide an explanation? We advocate for a governance framework
that includes mandatory logging of the uncertainty score and the routing decision for every
query, as well as periodic auditing of the fast module’s performance on a random sample of
queries that were routed to the slow module. Additionally, a human-in-the-loop override
should be available for high-stakes decisions when the slow module’s confidence remains
below a second threshold. This multi-layered governance structure is analogous to
“algorithmic triage” systems used in clinical decision support [15].

6. Deployment, Sustainability and Robustness

Deploying SlowDelib-RAG at scale requires careful infrastructure planning. The fast module
can be served on low-power edge devices or CPU nodes, reducing cloud dependency. The
slow module, by contrast, demands GPU clusters with high memory bandwidth. A sustainable
deployment strategy uses a tiered infrastructure: edge nodes handle fast requests, a regional
cloud node handles the slow module, and a central node handles the most complex queries
with human oversight. Such a tiered architecture reduces energy consumption by an estimated
40% compared to a uniform high-performance cluster serving all requests [16]. Furthermore,
the reflective loop of the slow module can be optimized by caching intermediate retrieval
results and by using retrieval-efficient data structures such as hierarchical navigable small
world graphs.

Robustness is another critical concern. The slow module’s iterative retrieval makes it more
resilient to adversarial retrieval attacks, because it can cross-validate sources and detect



inconsistencies. However, the fast module is vulnerable to distributional shift: if the query
distribution changes, its cached knowledge may become stale. To address this, we incorporate
an online drift detection mechanism that updates the fast module’s cache periodically using
the slow module’s top-retrieved documents from recent queries. Additionally, we impose a
strict freshness policy on cached entries, discarding those older than a certain threshold. In
adversarial settings where an attacker attempts to force the system into the slow mode to
cause a denial-of-service, the switching controller can rate-limit or fall back to a degraded fast
mode with worst-case guarantees.

7. Fairness and Policy Implications

Fairness in LLM agents is an active area of research, and SlowDelib-RAG introduces new
dimensions of concern. If the switching policy is learned from historical data, it may
systematically route queries from certain demographic groups to the fast mode more often
than others, potentially leading to disparate accuracy. For example, if the fast module is
trained on predominantly English-language queries, it may confidently handle those but
incorrectly route culturally specific queries to the slow module, which could be interpreted as
bias. To mitigate this, we require that the switching policy be trained on a dataset that is
balanced across languages, dialects, and topics, and that its decisions are audited for fairness
metrics such as equal opportunity and demographic parity.

Policy implications extend to transparency and explainability. In regulated industries, users
have a right to know how decisions affecting them were made. SlowDelib-RAG can provide a
trace of the switching decision, including the uncertainty estimate and the rationale. However,
the fast module’s outputs are inherently less explainable because they rely on shallow
heuristics. We propose that any output from the fast module be accompanied by a disclaimer
indicating that the response was generated using a fast, approximate policy, and that users can
request a re-evaluation by the slow module at no cost. This approach aligns with the European
Union’s proposed Al Act, which mandates that users be informed when interacting with an Al
system and, in high-risk cases, receive an explanation of the logic used [18].

8. Conclusion

SlowDelib-RAG presents a novel integration of reflective retrieval-augmented reasoning with
fast decision policies, grounded in the dual-process theory of cognition. By separating tasks
into a fast routine mode and a slow deliberative mode, the architecture achieves a favorable
balance between latency and accuracy while remaining adaptable to domain-specific
constraints. Our analysis has highlighted the structural trade-offs, governance requirements,
and fairness challenges that must be addressed for responsible deployment. The system’s
ability to dynamically allocate computational resources also offers significant sustainability
benefits by reducing energy consumption. Future work will focus on end-to-end learning of
the switching policy from user feedback, extending the framework to multi-agent settings
where multiple LLM agents collaborate, and conducting large-scale user studies to validate
the architecture in real-world applications. As LLM agents become ever more pervasive,
hybrid architectures that emulate the human ability to both think fast and think slow will be
essential for building trustworthy, efficient, and equitable Al systems.
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