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Abstract

In recent years, recommendation systems have evolved from
providing a single list of recommendations to offering a
comprehensive suite of topic-focused services. To better ac-
complish this task, conversational recommendation systems
(CRS) have progressed from basic retrieval-augmented LLM
generation to agentic systems with advanced reasoning and
self-correction capabilities. However, agentic systems come
with notable response latency—a longstanding challenge
for conversational recommendation systems. To balance the
trade-off between handling complex queries and minimiz-
ing latency, we propose AdaptJobRec, the first conversational
job recommendation system that leverages autonomous agent
to integrate personalized recommendation algorithm tools.
The system employs a user query complexity identification
mechanism to minimize response latency. For straightfor-
ward queries, the agent directly selects the appropriate tool
for rapid responses. For complex queries, the agent uses the
memory processing module to filter chat history for rele-
vant content, then passes the results to the intelligent task
decomposition planner, and finally executes the tasks us-
ing personalized recommendation tools. Evaluation on Wal-
mart’s real-world career recommendation scenarios demon-
strates that AdaptJobRec reduces average response latency by
up to 53.3% compared to competitive baselines, while signif-
icantly improving recommendation accuracy.

Introduction
In recent years, the complexity of conversational recom-
mendation systems (CRS) has been continuously increas-
ing (Zhang et al. 2024; Huang et al. 2023; Fang et al. 2024),
evolving from offering a single type of recommendation to
providing a range of services on specific topics. To improve
task completion rates, these systems have progressed from
LLM-based retrieval-augmented generation (RAG) mod-
els (Friedman et al. 2023; Gao et al. 2023a; Liu et al. 2023;
Kuzi and Malmasi 2024) to sophisticated agentic systems
with advanced reasoning and self-correction capabilities.
Such systems dynamically integrate multiple modules (e.g.,
planning and memory processing) and various tools (e.g.,
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databases, search engines, and knowledge graphs) to bet-
ter serve users’ needs (Zhang et al. 2024). For instance, the
ReAct architecture (Yao et al. 2023), developed by Prince-
ton University and the Google Brain team, is a widely used
agentic architecture in the industry. It employs a reasoning
agent that leverages Chain-of-Thought (CoT) to decompose
a user query into multiple sub-tasks, invoking correspond-
ing tools to obtain information and complete tasks based
on the feedback step by step. Another widely used archi-
tecture, the Plan and Execute agent (Wang et al. 2023a) in-
corporates a separate replan module to assess task comple-
tion quality and generate the subsequent steps, enhancing
the model’s reliability in handling complex problems. Other
innovative approaches include the RecMind agentic recom-
mendation system (Wang et al. 2023b) designed by the Ama-
zon Alexa AI team, which proposes a novel Self-Inspiring
Planning module that considers previously explored states in
Tree of Thought (ToT) while planning the next step, effec-
tively improving the planning ability of the agentic system,
and the MACRS Agentic system (Fang et al. 2024), which
employs an Asking Responder Agent to elicit user prefer-
ences through additional dialogue rounds before generating
recommendations. Meanwhile, InteRecAgent (Huang et al.
2023) proposed by Microsoft Research Asia improves long-
conversation handling with components such as a memory
bus, dynamic demonstration-augmented task planning, and
reflective processing.

Although these planning, memory, and replan modules
significantly enhance an agentic system’s reasoning capabil-
ity and problem-solving ability, they also increase response
latency. To address this challenge, researchers in JD eCom-
mence proposed the concept of first token latency (Nie et al.
2024), demonstrating that an agentic CRS supported by a
fine-tuned LLM can reduce the time required to output the
initial response token, making an important contribution in
this area.

Solving the response latency issue is particularly critical
in contexts like Walmart’s conversational job recommenda-
tion system. Walmart is a leading Fortune 500 company with
millions of job applicants per year, where many users require
rapid access to simple information, such as application sta-
tus or interview time. In such cases, users are concerned with
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Figure 1: Architecture of AdaptJobRec Agentic System

when they receive the needed information, merely reducing
first token latency is insufficient. To overcome the delays
of agentic systems, we propose the AdaptJobRec architec-
ture. This architecture integrates a complexity identification
mechanism that distinguishes between simple and complex
user queries. It employs the memory processing and task
decomposition planner exclusively for complex queries, en-
suring rapid responses for simple queries while maintaining
the capability to handle complex user needs. We compare
AdaptJobRec against two fine-tuned LLMs career path mod-
els (Liu et al. 2024; Touvron et al. 2023) and three widely
used agentic systems (Wang et al. 2023a; Yao et al. 2023;
Fang et al. 2024), demonstrating that AdaptJobRec outper-
forms these methods in prediction accuracy while delivering
lower response latency.

Furthermore, besides reducing response latency in con-
versational recommendation systems, an equally important
goal is minimizing the number of dialogue rounds needed
for users to obtain key information. To achieve this goal, we
develop a novel few-shot memory processing module that
filters chat history for content relevant to the current user
query, eliminating redundant planning, boosting planner ac-
curacy, and enabling more precise tool selection. We also
developed an intelligent task decomposition planner capa-
ble of generating a nested sub-task list, grouping tasks that
can be executed asynchronously into the same sub-list. The
AdaptJobRec agentic conversational recommendation sys-
tem integrates memory processing, a task decomposition
planner, and personalized recommendation tools based on
user profiles and behavior. These components reduce the
ask-back rounds needed to clarify user needs and the num-
ber of follow-up queries after receiving ineffective recom-
mendations.

Methodology
Architecture of AdaptJobRec
As depicted in Figure 1, AdaptJobRec comprises several
key components: an agent with a complexity identification
mechanism, a few-shot learning memory process module,
a task decomposition planner, and recommendation tools
powered by the Walmart People.AI knowledge graph. This
knowledge graph includes 1.6 million nodes and 83 million
edges, representing entities such as job titles, openings, as-
sociates, applicants, and skills etc. This knowledge graph
serves as the foundation for a series of personalized recom-
mendation tools. The AdaptJobRec agent quickly addresses
simple queries using different tools, while complex queries
trigger the memory process module and task decomposition
planner to activate a suite of personalized recommendation
tools to generate a high quality response.

In conversational recommendation systems, a user’s in-
tent is rarely fully captured from their initial query. To de-
liver more accurate recommendations, it is essential to con-
sider not only the query itself but also the user profile and
behavior. For instance, consider a senior software engineer
with six years of Java programming experience who states,
“Find me some manager positions in the Seattle area; if none
are available, other big cities will do.” In this case, suggest-
ing a Walmart store manager role in Seattle would be in-
appropriate, while recommending a lead software engineer
position in New York that requires over five years of Java
experience would better meet the user’s needs, even if the
former is closer to the original user query in the semantic
vector space. Moreover, taking user behavior into account
can further enhance recommendation quality. For example,
if a senior software engineer recently saved three eCom-
merce related job openings on the Walmart careers website,
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it strongly indicates an interest in that field. Even without
an explicit mention in the conversation, the recommenda-
tion system should proportionally increase the presence of
eCommerce job openings in its results. Based on this idea,
several tools in AdaptJobRec have been designed as person-
alized recommendation engines powered by the People.AI
knowledge graph that replaces traditional search engines.

Complexity identification mechanism

The Walmart job conversational recommendation system
categorizes user queries into two types. The first type in-
cludes simple and clear queries, such as “help me check job
application status”, which require a fast and straightforward
response. The second type involves more complex or am-
biguous queries, such as “can you create a career develop-
ment plan for me?”, which should be decomposed into mul-
tiple sub-tasks: 1) Recommend a career path based on the
user’s current position, skills, and career interests; 2) Iden-
tify the skill gap between the user and the potential next role;
3) Suggest learning resources based on the identified skill
gap; 4) Recommend a career mentor based on the skill gap
and potential next role; 5) Suggest job openings that the user
can apply for. The system then invokes the necessary tools
to complete each sub-task and synthesizes the results to gen-
erate a comprehensive response.

If we were to handle all types of user queries using an
agent that includes modules such as a planner and a memory
process module, the agentic CRS would respond too slowly
to the simpler user queries, negatively impacting user expe-
rience. Therefore, we have designed an agentic system with
a user query complexity identification mechanism, which is
implemented using a customized system prompt. As shown
in Figure 2, the key parts of this system prompt that enable it
to distinguish between simple and complex queries are high-
lighted in red. When a simple user query is received, the
agent merges the user query with chat history without addi-
tional process and directly leverages tools such as the per-
sonalized recommendation APIs, or the People.AI knowl-
edge graph to respond rapidly. For a complex query, the
agent forwards the user query and additional relevant infor-
mation (such as chat history, user profile, and career inter-
ests) to a few-shot learning memory processing module that
integrates only the relevant memories to create an enhanced
query, which is then decomposed into sub-tasks by a plan-
ner. The agentic system then employs the appropriate tools
corresponding to tasks to fetch information, such as invok-
ing the job recommendation engine, career path recommen-
dation engine, or converting a sub-task into a Cypher query
for the People.AI knowledge graph, and ultimately synthe-
sizes them to provide a comprehensive response. When the
information provided by the tool is not sufficient to satisfy
the user’s query, the system sends feedback to the planner,
initiates a new planning cycle, and repeats the tool selec-
tion process. This process is indicated by the dashed arrow
in Figure 1. This optimization can significantly reduce the
latency of the LLM agentic system for simple queries while
ensuring the accuracy of responses to complex and challeng-
ing user queries.

Figure 2: System Prompt of Complexity Identification
Mechanism.

Memory processing module
While techniques like windowing (Dai et al. 2019), sum-
marization (Wang et al. 2025), and VectorDB (Hatalis et al.
2023) effectively compress chat history and provide the nec-
essary context for a conversation, they often omit important
details or retain irrelevant content. Such imprecision under-
mines the planner’s ability to decompose complex queries
in an agentic system. To improve the handling of complex
queries in the AdaptJobRec agentic system, we design a se-
ries of few-shot learning examples covering various scenar-
ios to build a memory processing module that enables LLM
to precisely extract chat history segments relevant to the cur-
rent user query.

Figure 3 presents parts of the system prompt used by the
memory process module. In few-shot example 1, chat his-
tory segments relevant to the current user query (highlighted
in green) are extracted and merged with the current user
query (highlighted in purple) under the [TEXT] section (ir-
relevant segments appear in blue). The resulting Integrated
User Query is shown in orange after [OUTPUT]. Few-shot
example 2 illustrates a scenario where the chat history con-
tains no content pertinent to the current query.

Planner
We leverage the planner, which is a commonly used com-
ponent in LLM-powered agentic systems, to decompose In-
tegrated User Query (from the memory processing mod-
ule) into sub-tasks and execute them with appropriate tools.
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Figure 3: System Prompt of Few-shot Learning Memory
Processing Module.

In existing LLM-powered agentic systems (Wang et al.
2023a,b) such as the Plan & Execute Agent and RecMind
Agent, planners typically generate a strictly ordered se-
quence of sub-tasks, invoking tools sequentially. However,
while certain tasks inherently require sequential execution,
many can be executed asynchronously, offering the potential
to reduce response latency.

For example, given the query “Which city has more ma-
chine learning engineer job openings, Seattle or Sunny-
vale?”, the planner may generate the following task se-
quence:

• [‘Get machine learning engineer job opening number
from Seattle’, ‘Get machine learning engineer job open-
ing number from Sunnyvale’]

• [‘Compare job opening numbers of Sunnyvale and
Seattle’]

The first two retrieval operations can be executed in par-
allel, followed by the comparison step.

Therefore, in AdaptJobRec, we enhance the existing plan-
ner to output a nested list, grouping asynchronously exe-
cutable sub-tasks within the same sub-list. This functionality
is implemented via a few-shot learning module, with part of
the system prompt shown in Figure 4. The prompt explic-
itly instructs the LLM to group sub-tasks that can be exe-
cuted concurrently (highlighted in red). Few-shot example
1 shows an Integrated User Query containing two sub-tasks

that can be executed in parallel (highlighted in purple). Few-
shot example 2 illustrates a case with no asynchronously ex-
ecutable sub-tasks.

Figure 4: System Prompt of AdaptJobRec Planner.

Tools
Personalized Job Recommendation Tool When a user
starts a conversation, the personalized job recommendation
engine extracts their current job title, queries the People.AI
knowledge graph for adjacent positions, and selects active
openings with the most recent posting dates. It then matches
key entities (e.g., skills, education, location) from the user
profile to each candidate job opening, computes and sums
similarity scores, and normalizes the sum score by the to-
tal number of entities. A user interest function then adjusts
the normalized score based on real-time interactions (e.g.,
clicks, saves, likes, dislikes) with job openings across dif-
ferent job families. Both entity match weights and interest
function parameters are tuned by Bayesian optimization on
click data to maximize Click Through Rate (CTR), and the
top 20 ranked results are forwarded to the main agent to gen-
erate the response.

Career Path Recommendation Tool Career path recom-
mendations fall into two categories. In one, the user explic-
itly states a desired destination, for example, “I want to be-
come a principal 3D designer; what should I do?” In the
other, the destination is not specified, for instance, “I just re-
ceived a job offer for the Walmart Merchant position; please
show me the future development prospects for this role.” For
the first scenario, our career path recommendation tool ex-

40476



tracts the user’s current position from their profile and ap-
plies a shortest path algorithm using edge weights from the
people.AI knowledge graph to identify and suggest potential
career paths. For the second scenario, we develop a person-
alized career path growth algorithm that recommends sev-
eral tailored career paths. This algorithm considers the user’s
current position, skill set, and domain preferences, gleaned
from recent activity, to comprehensively illustrate the role’s
future development.

Cypher Tools We develop two types of Cypher Tools.
The first consists of predefined Cypher code templates,
where the agent selects the appropriate tool based on the
user’s intent and fills in key entities, minimizing response
time for high frequency queries. The second is a more flex-
ible Text-to-Cypher approach, which feeds both the knowl-
edge graph schema and user input into the LLM to generate
Cypher queries, allowing it to address a broader range of
user queries.

Application Deployment
As shown in Figure 5, AdaptJobRec is implemented as a
set of independently deployable services, each responsible
for a distinct function in query handling and recommen-
dation generation. The Front End provides the user inter-
face and communicates with the backend via Kafka, which
serves as the streaming backbone for publishing user queries
and delivering agent responses. The AdaptJobRec Server or-
chestrates backend operations, retrieving user information
from the User Profile Service API and historical conversa-
tions from the Cassandra database, while leveraging Redis to
cache frequently accessed query results and tool responses
to reduce latency. The AdaptJobRec Agent hosts the LLM-
based reasoning and decision logic, which classifies queries
into simple or complex. Simple queries are routed to the Job
Application Microservice, while complex queries are han-
dled through the Model Context Protocol (MCP) (Hou et al.
2025) server, which call recommendation engine tools or
execute Cypher queries against the People.AI Knowledge
Graph stored in the graph database.

Upon receiving a user query, the Front End publishes the
corresponding topic to the Kafka cluster (1 in Figure 5). The
AdaptJobRec Server, subscribed to this topic, retrieves the
query (2 in Figure 5) and uses the login credentials provided
by the Front End to call the User Profile Service API (2a in
Figure 5), obtaining personalized user information. In paral-
lel, it fetches the user’s conversation history from the Cas-
sandra database (2b in Figure 5).

To reduce response latency for high frequency queries
(e.g., “What can be the future role of a Walmart cashier?”),
we integrate Redis with the AdaptJobRec Server to enable
Cache Augmented Generation (3a in Figure 5). This mech-
anism stores and reuses tool call responses for frequently
asked queries, thereby eliminating redundant LLM calls and
reducing overall response time.

Within the AdaptJobRec Agent, the complexity identifi-
cation mechanism evaluates the user query, profile, and chat
history (3 in Figure 5) to classify the request as either simple
or complex. For simple queries (4a in Figure 5), the agent
directly accesses the Job Application Microservice, which

Methods Hit@10 NDCG@10 MAP@10

RAG 0.200 0.039 0.014
ReAct 0.279 0.075 0.034
Plan & Execute 0.313 0.080 0.036
MACRS 0.312 0.078 0.035
AdaptJobRec 0.318 0.081 0.037

Table 1: Comparison on Job Recommendation Task

AdaptJobRec
vs. Baseline

p-value
(Hit@10)

p-value
(NDCG@10)

p-value
(MAP@10)

RAG <0.001 <0.001 <0.001
ReAct <0.001 <0.001 <0.001
Plan & Execute 0.001 0.008 0.027
MACRS 0.001 0.008 0.028

Table 2: Testing Result Comparing AdaptJobRec with
Baselines on Job Recommendation Task

provides a suite of APIs to retrieve the information needed
for response generation. For complex queries (4), the query
and profile are routed through the memory process module
and planner component before the agent extracts key entities
and formulates a tool invocation request to the MCP Server.
The MCP Server then either executes recommendation tools
(5a in Figure 5) or generates a Cypher query (5 in Figure
5) to retrieve the required information from the People.AI
Knowledge Graph (6 in Figure 5), and returns the results to
the agent (7 in Figure 5).

Finally, the AdaptJobRec Agent synthesizes the final an-
swer based on information retrieved from either the Job Ap-
plication Microservice or the MCP Server and streams the
response to Kafka (8 in Figure 5). The Front End, acting as
a Kafka consumer (9 in Figure 5), processes this stream and
delivers the final response to the user.

Evaluation Result
In this section, we evaluate the performance of AdaptJobRec
on three tasks: Job Recommendation, Career Path Predic-
tion, and a Pilot User Study using real-world data from Wal-
mart company.

Job Recommendation
We collected user profiles, browsing histories, and click
data from 10,014 users interacting with the Walmart Job
Recommendation System in 2024, and subsequently com-
pared the performance of AdaptJobRec, LLM RAG (Gao
et al. 2023b), the ReAct Agent (Yao et al. 2023), MACRS
Agent (Fang et al. 2024), and the Plan & Execute
Agent (Wang et al. 2023a) on job recommendation tasks.

Table 1 shows that AdaptJobRec consistently outperforms
all four baselines, across metrics Hit@10, NDCG@10, and
MAP@10, achieving the highest scores of 0.3176, 0.0810,
and 0.0371, respectively. Compared with the strongest base-
line (Plan & Execute), AdaptJobRec still delivers measur-
able improvements in all metrics. As confirmed by Welch’s
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Figure 5: AdaptJobRec Agentic System Deployment Architecture

Methods % Hit Real Trans ↑ Latency(s) ↓
Frequency 8.12 0.32
Llama-Capa 8.35 0.67
DeepSeek-Capa 11.24 0.81
AdaptJobRec 12.82 0.36

Table 3: Comparison on Career Path Prediction Task

AdaptJobRec
vs. Baseline

p-value
(Hit Real Trans)

p-value
(Latency)

Frequency 0.017 –
Llama-Capa 0.018 0.021
DeepSeek-Capa 0.031 0.025

Table 4: Testing Result Comparing AdaptJobRec with
Baselines on Career Path Prediction Task

t-test in Table 2, these gains are statistically significant,
highlighting AdaptJobRec’s robust advantage in both re-
trieval accuracy and ranking quality for job recommendation
tasks.

Career Path Prediction
We collected 932,854 Walmart associate job transition
records from 2022 to 2023 as training data for AdaptJo-
bRec. We fine-tuned Llama-3.1-8B (Touvron et al. 2023)
and DeepSeek-R1-Distill-Qwen-7B (Liu et al. 2024) on this
dataset, yielding the Llama-Capa and DeepSeek-Capa mod-
els. We then used 471,495 job transition records from Wal-
mart associates in 2024 as testing data to compare AdaptJo-
bRec’s performance against the two fine-tuned LLM mod-
els, Llama-Capa and DeepSeek-Capa.

As shown in Table 3 and Table 4, AdaptJobRec attains
the highest hit rate of real transitions (12.82%) among all
methods, significantly surpassing Frequency, Llama-Capa,
and DeepSeek-Capa. Despite its superior accuracy, Adap-
tJobRec maintains a low response latency (0.36 s), sig-
nificantly faster than Llama-Capa and DeepSeek-Capa and

Methods Conv Round ↓ Resp Latency (ms) ↓
RAG 7.10 1065
Plan & Execute 6.38 957
ReAct 3.86 579
MACRS 3.68 552
AdaptJobRec 3.32 498

Table 5: Comparison of Average Conversation Rounds and
Response Latency for the Pilot Group

AdaptJobRec
vs. Baseline

p-value
(Conv Round)

p-value
(Latency)

RAG <0.001 <0.001
ReAct <0.001 <0.001
Plan & Execute <0.001 <0.001
MACRS 0.002 <0.001

Table 6: A/B Testing Result Comparing AdaptJobRec with
Baselines on Average Conversation Rounds and Response
Latency for the Pilot Group

close to the minimal latency Frequency method. These re-
sults demonstrate that AdaptJobRec achieves an effective
balance between accuracy and efficiency for career path pre-
diction.

Pilot Group Study
We logged 150 conversation sessions from a pilot group
of 30 users. At the start of each session, the experimen-
tal UI randomly selected one of four methods: the ReAct
Agent (Yao et al. 2023), the Plan & Execute Agent (Wang
et al. 2023a), MACRS Agent (Fang et al. 2024), or Adap-
tJobRec. We measured the average number of conversation
rounds needed to obtain the target information and the total
session response time for each user. Conversation rounds of
sessions in which users hadn’t acquired the information by
the end of the conversation were assigned as 20.

Table 5 and Table 6 present the comparison and Welch’s
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t-test results between AdaptJobRec and four baseline meth-
ods (RAG, Plan & Execute, ReAct, and MACRS) on two
key metrics: (1) the average number of conversation rounds
per session (2) the average response latency. As shown in
Table 5, AdaptJobRec achieves the lowest average conversa-
tion rounds (3.32) and the fastest response latency (498 ms),
representing a 54% reduction in conversation rounds and a
53% improvement in latency compared to the RAG baseline.
Welch’s t-test results in Table 6 confirm that AdaptJobRec’s
improvements over the baselines are statistically significant.

During the pilot study, users intentionally asked large per-
centage of complex queries to test the system, leaving simple
queries at under 5% of requests. This limited AdaptJobRec’s
ability to showcase its lower response latency. After the ap-
plication launch, real world usage will include many more
simple queries, making its latency advantage much more ap-
parent.

Conclusion and Future Work
In this work, we present AdaptJobRec, an LLM-powered
agentic conversational job recommendation system that han-
dles diverse career recommendation tasks. AdaptJobRec in-
corporates a complexity identification mechanism, a mem-
ory processing module, and a task decomposition planner
with multiple personalized recommendation tools. Simple
queries are routed directly to the appropriate tool for rapid
responses. Complex queries are first handled by the mem-
ory processing module and then passed to the Intelligent
task planner. These processes eliminates redundant planning
and boosts the planner’s tool selection accuracy. Evalua-
tion across varied scenarios shows that AdaptJobRec signif-
icantly reduces latency without sacrificing accuracy. Future
work will broaden its personalized toolset and further refine
each module’s performance.
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