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Abstract
Traditional candidate search in talent acquisition operates as a single-pass retrieval: a recruiter formulates a query, a matching system
returns ranked results, and the recruiter manually iterates if results are unsatisfactory. Single-pass retrieval is a poor fit, since the
same role can be expressed through multiple valid search formulations that emphasize different skills, titles, backgrounds, or adjacent
experiences. We present Deep Sourcing, a production candidate discovery system that uses large language models (LLMs) to plan
multiple complementary search strategies, execute them against a large-scale retrieval platform, evaluate candidate profiles against
employer-given criteria, and optionally refine later search rounds through reflection. The system combines high-recall retrieval with
LLM-based semantic evaluation, but computes profile-match scores deterministically from criterion-level judgments. In production
experiments at Indeed, Deep Sourcing improved Precision@10 for good matches by 35.5% and for optimal matches by 296.4% relative to
a strong production baseline. A single-loop variant captured most of the precision gain for good matches, while iterative reflection
improved coverage and increased the share of optimal matches. These results suggest that the main value of agentic candidate search
lies in multi-strategy decomposition and structured evaluation, with reflection providing targeted incremental gains.
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1. Introduction
Candidate search in talent acquisition is a large-scale re-
trieval problem: given a job opening with complex, often
ambiguous requirements, identify the strongest matches
from a pool of candidate profiles. On Indeed, an employer
has access to 370 million profiles on the marketplace1 and to
past applicants to the employer’s other job postings. Mod-
ern retrieval pipelines typically combine sparse retrieval,
such as BM25 [1, 2], with dense retrieval based on embed-
ding nearest-neighbor search [3] and learned rankers [4].
Production systems often go further by combining several
retrieval strategies, each optimized for a different candi-
date discovery pattern. At the time of our experiments, the
production baseline used 10+ such strategies, with results
merged, filtered, and reranked by a learned ranking model.
We describe this baseline in Section 4.1 at the level needed
to interpret the comparison.

This paradigm has several limitations. First, a single query
encodes one interpretation of the hiring need and may miss
candidate profiles reachable through alternative formula-
tions. For example, a query for Software Architect may miss
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profiles with Principal Software Engineer titles. Second, the
retrieval system has no mechanism to evaluate the quality of
its own results and adjust accordingly. Third, when results
are unsatisfactory, the recruiter must manually hypothesize
why, reformulate, and re-execute the search. This process
is slow, inconsistent, and difficult to scale.

These limitations motivate a different approach. Rather
than single-pass retrieval, a sourcing system can reason
about which search strategies to try, execute multiple strate-
gies in parallel, evaluate whether results are satisfactory,
and iteratively refine its approach in a manner similar to an
experienced recruiter.

We present Deep Sourcing, an agentic search system that
implements this approach. The system evaluates candidate
profiles against structured evaluation criteria: a weighted
rubric of skills, qualifications, and attributes derived from
the job requirements and recruiter instructions. Drawing
on advances in LLM-based planning [5], tool use [6, 7], and
self-reflection [8, 9], Deep Sourcing orchestrates an iterative
loop with four phases:

• Plan: An LLM analyzes the job requirements, re-
cruiter instructions, and evaluation criteria to gen-
erate multiple search strategies, each targeting a
different facet of the candidate profile space.

• Execute: Each strategy is executed against a pro-
duction profile retrieval platform.

• Evaluate: An LLM-as-judge pipeline [10] per-
forms pointwise profile-match evaluation against
the employer-provided criteria.

• Reflect: The system evaluates aggregate result qual-
ity and decides whether to expand successful strate-
gies, continue reviewing deeper results from a strat-
egy, abandon unproductive approaches, or try new
strategies. It then loops back to planning if needed.

Deployed at Indeed, the world’s #1 job site,2 Deep Sourc-
ing operates in both a batch mode that runs autonomously in
2Comscore, Total Visits, March 2026
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the background and an interactive mode triggered through
a conversational interface with progressive result surfacing.

Contributions. (1) We describe the architecture of a
production agentic search system, detailing the planning,
execution, evaluation, and reflection components. (2) We
present a multi-strategy planning mechanism in which an
LLM decomposes complex hiring needs into complementary
search strategies, including LLM-generated boolean queries.
(3) We introduce a two-stage LLM evaluation pipeline com-
bining pointwise scoring against weighted criteria groups
with listwise reranking. (4) We report production results
demonstrating significant improvements over a mature re-
trieval baseline and discuss lessons from operating at scale.

2. Related Work
Deep Sourcing draws on several research areas. Agentic
retrieval-augmented generation extends traditional RAG
[11, 12] by giving LLMs control over when and how to
retrieve. Systems such as Self-RAG [9], CRAG [13], and
Adaptive-RAG [14] dynamically adjust retrieval strategy
based on result quality or query complexity; Singh et al. [15]
provide a comprehensive survey. Deep Sourcing extends
this paradigm from single-document retrieval to multi-
strategy candidate profile search. Deep Sourcing’s decompo-
sition of a complex information need into multiple retrieval
steps is similar to CoRAG [16]. However, CoRAG does so
by training an LLM to iteratively reformulate a single query
into a sequential retrieval chain, while Deep Sourcing uses
an LLM planner to generate multiple complementary strate-
gies executed in parallel against a production retrieval plat-
form, without any model training.

Using LLMs as evaluators has emerged as a scalable al-
ternative to human annotation. MT-Bench [10] demon-
strated high agreement between LLM and human prefer-
ences; subsequent work has explored pointwise, pairwise,
and listwise prompting strategies for ranking [17]. More
recent generative-LLM reranking methods include listwise
rerankers [18, 19], setwise prompting [20], attention-based
zero-shot reranking [21], automatic prompt engineering for
reranking [22], and aspect-aware reranking frameworks for
recommendation [23]. Closest to our setting, Jouanneau et
al. [24] prompt a generative LLM to assign per-candidate
relevance scores on a freelancing marketplace. They then
distill those scores into a lightweight reranker for real-time
inference. Deep Sourcing deploys a two-stage evaluation
pipeline, using LLMs for pointwise scoring against struc-
tured criteria and for listwise reranking.

Planning and reflection in LLM agents have been studied
through ReAct [6], Reflexion [8], and Tree of Thoughts [5].
Deep Sourcing instantiates these principles in a domain-
specific system where a planner generates search strategies,
executors retrieve candidate profiles, and a judge evaluates
results and triggers reflection. Lo et al. [25] present a related
multi-agent architecture focused on resume screening rather
than discovery. To our knowledge, Deep Sourcing is the
first published production system applying agentic, multi-
strategy search with iterative reflection to talent discovery.

3. Methods

3.1. Overview
Deep Sourcing is implemented as a stateful, cyclic workflow:
a directed graph where nodes represent processing stages,
edges represent transitions, and each stage reads from and
updates a shared session state.

A session begins after the search intent has been con-
firmed. The system proceeds through context loading, crite-
ria initialization, and then enters an iterative loop of plan-
ning, execution, evaluation, and reflection, illustrated in
Figure 1. The loop terminates when the exit conditions
are met (Section 3.8), and the results are finalized. Each
LLM-driven stage is independently configurable. The mod-
els used for the experiments in this paper are specified in
Section 4.1.

3.2. Criteria Initialization
Before the session begins, an LLM analyzes the job descrip-
tion and any additional recruiter instructions to produce a
structured set of evaluation criteria. The output is a set of
weighted criteria groups, for example:

CriteriaGroup:
criteria: ["Python", "Java", "C++"]
weight: 0.30
aggregator: "max"
reason: "The job description lists one of

these programming languages as required"

Each group defines: (a) the skills, qualifications, or at-
tributes in the group; (b) a weight reflecting relative im-
portance based on specifications from the recruiter, with
weights summing to 1.0 across groups; and (c) an aggre-
gation method such as max when any criterion in a group
suffices or avg when all criteria contribute to the group
score. This structured rubric ensures consistent evaluation
across strategies and loop iterations.

3.3. Multi-Strategy Planning
Given the context of the job, the evaluation criteria, and
any reflection learnings from prior loops, the planning node
generates multiple search strategies per iteration. Each
strategy represents a distinct retrieval approach:

The boolean precision query strategy is notable be-
cause it uses an LLM to generate a structured Lucene
boolean query encoding its understanding of the ideal can-
didate profile. For example:

+title:("Senior Software Engineer" OR
"Staff Engineer")

+skill:("Python" OR "Django" OR "Flask")
+degreeType:("Bachelor" OR "Master")

This leverages LLM reasoning for query formulation
while using inverted-index search for efficient retrieval. The
planner also provides a natural-language explanation of why
each strategy was chosen and how the strategies comple-
ment one another.



Figure 1: Deep Sourcing system architecture. Diagram of the Plan, Execute, Evaluate, and Reflect loop in Deep Sourcing.

Table 1
Search strategies used by Deep Sourcing.

Strategy Type Description Retrieval Method

Criteria-based search Broad search using structured skill and experience
criteria

Dense and sparse retrieval with criteria
matching

Boolean precision query Targeted search using LLM-generated Lucene boolean
queries

BM25 with structured boolean queries

Applicant pool search Search profiles belonging to candidates who have
applied to this or similar jobs

BM25 with sparse vector retrieval

Recommendation-
based search

Recommendations based on job-relevant skills and
qualifications, surfacing similar profiles where the
reported experience aligns with recent outreaches or
fits the job

Collaborative filtering and learned embeddings

3.4. Execution
For each planned strategy, the execution node converts the
strategy into a retrieval request, obtains a ranked list of
candidate profiles, de-duplicates profiles already seen in the
session, and prepares profiles for evaluation. The execution
layer treats the retrieval platform as a tool: strategy-specific
parameters are passed to the platform, and the platform
returns candidate profiles with the information needed for
downstream evaluation.

3.5. Candidate Profile Evaluation
Each retrieved candidate profile is individually evaluated by
an LLM against the employer’s criteria. The LLM produces:

• A feature matrix: per-criterion scores on a five-
level scale.

• A match explanation: natural-language reasoning
about the candidate profile’s fit.

The profile-match score is computed deterministically
from the feature matrix using the weighted criteria groups,
rather than asking the LLM to produce a scalar score directly.
This decoupling of semantic evaluation from deterministic
scoring is a key design decision discussed further in Sec-
tion 5.1.

3.6. Reflection and Iteration
After execution and evaluation, the reflection node receives
candidate profiles with their feature matrices, the strate-
gies that produced them, results from prior loops, and the
evaluation criteria. It performs three functions:

Listwise reranking. Candidate profiles from all strate-
gies and loops are comparatively ranked. Each profile re-
ceives a global rank and comparative reasoning, meaning
a natural-language explanation of its relative positioning.
Comparative reasoning follows strict guidelines: candidate
identifiers are not present in its input, the explanations it

generates must use gender-neutral language, and assess-
ments are limited to professional qualifications.

High-confidence match identification. From the
ranked list, the LLM identifies high-confidence matches:
candidate profiles that are strongly aligned with the evalua-
tion criteria and raise no significant concerns about match
relevance.

Structured learning extraction. The LLM produces
structured learnings that capture why strategies produced
useful or poor results, identify which, if any, criteria were
not supported by a given strategy, and specify whether ad-
ditional pages from a strategy are worth evaluating. These
learnings are fed back into the next planning iteration, en-
abling the planner to expand productive strategies, stop
unproductive ones, and generate new strategies informed
by accumulated evidence.

Not all evaluation criteria can be expressed as retrieval
constraints for every strategy. For example, some criteria
may be captured by a boolean query, while others require
semantic evaluation after retrieval. The reflection node can
therefore reason about whether lower-ranked results are
provably unlikely to improve, whether a strategy should be
paged further, or whether a new strategy is needed.

3.7. Candidate Profile Pruning
Within each loop iteration, only the top-𝐾 candidate pro-
files per strategy are carried forward for evaluation and
reranking, where 𝐾 is calibrated to the employer’s target
result count. For any per-strategy ranked list, at most 𝐾
profiles from that list can appear in the overall top-𝐾 re-
sult set, so retaining more than 𝐾 candidate profiles can-
not change the final result unless de-duplication, filtering,
or downstream re-scoring removes or demotes profiles re-
tained above them. In practice, these exceptions determine
the value of 𝐾 . This pruning bounds LLM evaluation cost
while preserving the candidate profiles most likely to affect
the final ranked list (see Section 5.2).



3.8. Exit Conditions
The loop terminates when: (1) the executed loop count
reaches a configurable maximum, typically 2–4, or (2) the
number of high-confidence matches (Section 3.6) exceeds
a target threshold. A minimum loop parameter ensures at
least one full iteration before early termination is consid-
ered.

3.9. Single-Loop Variant
For latency-sensitive use cases, a single-loop variant exe-
cutes 2+ retrieval strategies without the reflection-driven
iteration, optionally using heuristic scoring instead of full
weighted criteria initialization. This variant reduces end-
to-end latency by approximately 80% and serves as both a
product feature and a comparison baseline for evaluating
the incremental value of iterative reflection.

4. Results

4.1. Experimental Setup
We evaluate Deep Sourcing against a production baseline
and a single-loop variant of itself:

• Production baseline: Indeed’s production rec-
ommendation pipeline at the time of the experi-
ments. The baseline used 10+ retrieval strategies
spanning sparse retrieval [2], dense retrieval in-
cluding two-tower architectures [26], graph neural
network embeddings [27], and candidate-profile-to-
candidate-profile collaborative filtering [28]. Results
are merged, filtered, and reranked by a production
deep neural network ranker.

• Single-loop variant (Section 3.9): isolates the value
of multi-strategy planning from the value of iterative
reflection.

For the evaluations reported in this paper, Deep Sourcing
is configured to run for up to 3 reflection loops, with the
planner generating up to 3 search strategies per loop (see
Section 3.8 for exit conditions).

The models used in Deep Sourcing are configurable and
have evolved over time. The experiment reported in Sec-
tion 4.2 was conducted in August 2025 using a version of
Deep Sourcing that used the following combination of fron-
tier and cost-efficient models from OpenAI: gpt-4.1-mini
for initialization and evaluation, gpt-4.1 for planning, and
o4-mini for reflection. The 12-week experiment reported in
Section 4.3 also began in August 2025 and used the same
configuration. The token cost for these experiments was
approximately 60 cents per session on average.

4.2. Match Quality Across Systems
Our offline evaluations depend on ground-truth labels that
are assigned through a combination of automated LLM-
based labeling and manual validation. The match between a
job and a candidate profile is evaluated along several dimen-
sions such as title, industry, career level, and qualifications
using a five-point scale for each dimension. Heuristics are
used to aggregate these dimensional ratings into an overall
match rating on a five-point scale.

The overall match rating can be thought of as two levels
of good matches, a neutral label, and two levels of poor

matches. The higher of the two good labels is the optimal
label. The primary relevance metrics are based on Precision
of the top-10 candidate profiles returned by the recommen-
dation system. Prec(good)@10 is the fraction of the top-10
profiles that are rated with either of the good labels, while
Prec(optimal)@10 is the fraction of the top-10 that re-
ceive the optimal rating. By definition, Prec(optimal)@10
≤ Prec(good)@10. The bad-match rate is the fraction of
top-10 results that receive either of the poor ratings.

Note that the ground-truth labels discussed in this section
are computed offline, using different LLM instructions and
a different model3 than those used in-loop. This is done to
limit self-preference bias [29]. While the high-confidence
match label (Section 3.6) is primarily used internally dur-
ing the Reflection stage, we do track the number of high-
confidence matches as a secondary relevance metric.

We compare Deep Sourcing with the single-loop vari-
ant and production baseline using an offline evaluation of
100 Deep Sourcing sessions. Note that top results from all
three methods are computed and logged during each Deep
Sourcing run.

Table 2 summarizes match quality across systems. All
values are reported as relative improvements over the pro-
duction baseline, with bootstrapped 95% confidence inter-
vals.

Deep Sourcing achieves statistically significant gains
relative to the production baseline: a 35.5% improve-
ment in Prec(good)@10 and a 296.4% improvement in
Prec(optimal)@10. Bad-match rate also improves (7.9% de-
crease), although this improvement is not statistically sig-
nificant. Consequently, the extent to which the additional
good matches replace poor matches vs. neutral matches is
unclear.

The single-loop variant accounts for much of the
Prec(good)@10 improvement and a significant Bad-match
rate decrease, showing that multi-strategy planning alone
provides substantial value. Iterative reflection contributes
in two further ways. First, it upgrades the quality of
matches within the top-10: although Deep Sourcing adds
only modestly to the Prec(good)@10 lift, it improves
Prec(optimal)@10 by 70.5% [+46.4%, +100.0%] over the
single-loop variant. Second, it improves match coverage
by finding candidate profiles that the single-loop variant
does not surface, as ~34% of the good matches identified by
Deep Sourcing are found in its second or third loop.

We report match quality metrics for the top-five occu-
pation categories plus a residual catch-all in Table 3. Deep
Sourcing shows significant increases in Prec(good)@10 and
Prec(optimal)@10 for all categories where the lift is defined.
Interestingly, Deep Sourcing increases the Bad-match rate
for the Sales & Retail category, though the confidence in-
terval crosses zero. By contrast, Deep Sourcing reduces
the Bad-match rate below the production baseline and the
single-loop variant in the Technology, Protective & Security,
and Finance & Accounting categories. Excluding Sales &
Retail, Deep Sourcing reduces the Bad-match rate by 34.6%
[-45.4%, -22.3%] versus the production baseline. The Sales
& Retail category is unique because the single-loop variant
outperforms Deep Sourcing on the Prec(good)@10 metric.
Deep Sourcing is more effective than the single-loop variant
for the Prec(optimal)@10 metric in Sales & Retail, and for
both Prec(good)@10 and Prec(optimal)@10 in the non-sales

3OpenAI’s o3-mini for this experiment



Table 2
Match quality comparison. Prec(good)@10 measures the fraction of top-10 candidate profiles labeled with either of the two
good overall ratings. Prec(optimal)@10 measures the fraction receiving the optimal label. Bad-match rate measures the
fraction receiving either of the two poor-quality labels. Values are shown as relative lift over the production baseline with
bootstrapped 95% confidence intervals.

System Prec(good)@10 Prec(optimal)@10 Bad-match rate

Single-loop variant +29.1% [19.6, 39.7] +132.5% [82.4, 201.6] -18.9% [-27.9, -8.9]
Deep Sourcing (iterative) +35.5% [25.9, 45.9] +296.4% [220.4, 408.6] -7.9% [-17.1, +2.5]

Table 3
Match quality comparison for the top-five occupations in our evaluation set and a catch-all (Other). Bold cells indicate a 95%
CI that lies entirely outside the corresponding CI reported in Table 2. Italicized cells are discussed in greater detail in the prose.
Values are shown as relative lift over the production baseline with bootstrapped 95% confidence intervals.

Occupation System Prec(good)@10 Prec(optimal)@10 Bad-match rate

Sales & Retail Single-loop variant +29.9% [+16.8, +44.3] +134.1% [+61.4, +260.1] -9.0% [-22.8, +6.5]
Sales & Retail Deep Sourcing (iterative) +15.5% [+4.3, +28.5] +203.4% [+115.9, +361.7] +14.4% [-0.3, +32.1]
Technology Single-loop variant +18.3% [+4.0, +34.4] +100.5% [+46.9, +183.7] -26.8% [-48.1, +2.3]
Technology Deep Sourcing (iterative) +40.9% [+26.0, +58.5] +235.3% [+153.3, +359.6] -51.6% [-67.9, -29.4]
Business Ops & Management Single-loop variant +36.6% [+2.4, +85.0] +412.0% [-31.7, +821.7] -48.8% [-76.7, -4.9]
Business Ops & Management Deep Sourcing (iterative) +57.4% [+22.4, +106.6] +1788.9% [+372.2, +2450.0] -18.4% [-54.5, +39.5]
Protective & Security Single-loop variant +35.4% [-9.6, +105.3] +21.9% [-100, +387.5] -61.0% [-84.8, -25.5]
Protective & Security Deep Sourcing (iterative) +163.6% [+100.4, +279.7] +1850% [+602, +4385] -84.4% [-96.8, -64.1]
Finance & Accounting Single-loop variant +300.0% [+0.0, +1100] — -25.0% [-51.9, +9.5]
Finance & Accounting Deep Sourcing (iterative) +877.5% [+268.3, +2110] — -57.5% [-72.2, -37.3]
Other Single-loop variant +33.1% [-16.2, +117.7] +818.4% [+104.1, +1328.6] -13.7% [-31.5, +8.4]
Other Deep Sourcing (iterative) +64.7% [+9.4, +159.7] +1263.6% [+222.0, +1793.9] -9.1% [-25.3, +11.2]

categories.4 These results are consistent with the hypothesis
that the largest improvements are found in specialized roles
where single-query retrieval is most limited.

The Finance & Accounting occupation shows some ir-
regularities in Table 3 that are explained by small sample
size. First, the confidence intervals for Prec(good)@10 are
extremely wide for both the single-loop variant and Deep
Sourcing. Second, in the baseline system, Prec(optimal)@10
was 0, so the relative lift in Prec(optimal)@10 for the test
variants is undefined.

The Protective & Security occupation shows a lower
bound of −100% for the Prec(optimal)@10 lift on the single-
loop variant. This is also an artifact of small sample size;
there are very few optimal matches in the baseline results
for this category.

4.3. Downstream Outcomes
To evaluate Deep Sourcing against business metrics, we ex-
amined product workflows where employers can discover
and contact candidates. These include search-based work-
flows where recruiters explicitly query pools of candidate
profiles as well as matching workflows that proactively rec-
ommend profiles to recruiters. Data was collected over 12
weeks from a population of users who used Deep Sourc-
ing at least once during that period.5 The study tracked
downstream outcomes for ~140,000 employer-initiated con-
versations, each encouraging a candidate to engage with
a job. Three metrics were measured during the study: re-
sponse rate is the fraction of contacted candidates who
respond to the employer; positive response rate is the

4excluding Finance & Accounting Prec(optimal)@10 where lift is unde-
fined

5This is an observational study; recruiters chose which workflow to en-
gage with for each sourcing task rather than being randomly assigned
to Deep Sourcing.

fraction of contacted candidates who respond expressing
interest in the job; apply rate is the fraction of contacted
candidates who submit a completed application for the job.

Results are shown in Table 4. Deep Sourcing is associated
with substantial improvements in response rate and positive
response rate across the evaluated product workflows, with
higher rates than the search-based and matching baselines
on these metrics. Deep Sourcing is also associated with a
sizable lift in apply rate when compared with the search-
based workflow. However, its apply rate is indistinguishable
at the 95% level from that of the matching workflow, even
though Deep Sourcing is associated with strong lifts on the
two earlier-funnel rates against the same baseline.

One hypothesis for the null result comparing Deep Sourc-
ing with the matching workflow is selection bias regarding
which jobs are sourced by which workflow. To partially ad-
dress that, we restrict our comparison so that each baseline
workflow is evaluated only on the jobs that were the subject
of employer-initiated conversations from both it and Deep
Sourcing during the 12-week study window. This trades the
statistical power of the unrestricted comparisons for tighter
causal interpretation. The restricted evaluations of Deep
Sourcing against the search-based and matching workflows
are based on 2,710 and 3,570 conversations, respectively.

Selection bias is not fully mitigated by this restriction.
Other potential sources of bias include which jobs were
processed using multiple workflows, the recruiter’s choice
of which candidates identified by each workflow to contact,
and possible differences in the messages sent through each
workflow.

Results of the comparisons are shown in Table 5. Against
the matching workflow, Deep Sourcing is associated with
a +18.6% [+7.9, +29.8] relative lift in response rate, +20.5%
[+6.6, +35.5] in positive response rate, and +30.6% [+4.2,
+61.4] in apply rate. We interpret this as evidence that
the unrestricted apply-rate null is substantially driven by



Table 4
Downstream outcome comparison. Values are shown as relative lift of Deep Sourcing over the baseline workflow with 95%
confidence intervals from a parametric binomial bootstrap.

Baseline workflow Response rate Positive response rate Apply rate

Search-based +23.1% [+17.8, +28.3] +37.5% [+30.2, +45.0] +117.8% [+94.8, +141.7]
Matching +15.3% [+10.3, +20.4] +13.4% [+7.0, +19.5] -1.4% [-11.9, +9.3]
All (excluding Deep Sourcing) +22.4% [+17.2, +27.5] +30.5% [+23.6, +37.6] +57.7% [+41.7, +74.8]

Table 5
Within-job downstream outcome comparison. Each row restricts to jobs that were the subject of employer-initiated conversa-
tions from both Deep Sourcing and the indicated baseline workflow during the 12-week study window: 2,710 conversations for
the search-based comparison and 3,570 conversations for the matching comparison. Values are shown as relative lift of Deep
Sourcing over the baseline workflow with 95% confidence intervals from a parametric binomial bootstrap.

Baseline workflow Response rate Positive response rate Apply rate

Search-based +6.3% [-3.9, +17.0] +11.7% [-2.1, +26.8] +27.9% [+2.1, +57.4]
Matching +18.6% [+7.9, +29.8] +20.5% [+6.6, +35.5] +30.6% [+4.2, +61.4]

job-level selection: the matching workflow appears to have
been used disproportionately for tasks with naturally higher
apply rates. The within-job comparison against the search-
based workflow shows the complementary pattern. Earlier-
funnel lifts shrink (+6.3% [-3.9, +17.0] in response rate,
+11.7% [-2.1, +26.8] in positive response rate with both CIs
crossing zero) while the apply-rate lift remains substantially
positive (+27.9% [+2.1, +57.4]). A plausible interpretation
of this is that the unrestricted lifts against the search-based
workflow are inflated by recruiters routing roles with natu-
rally lower apply rates to that workflow.

5. Discussion

5.1. Feature Matrix Scoring
Early versions of Deep Sourcing asked the LLM to directly
produce numeric match scores. This led to high variance
across calls and inconsistent interpretation of the same can-
didate profile in different contexts, results that are consis-
tent with the concerns identified in [30] over the validity
and reliability of LLM-as-judge scoring. The feature ma-
trix approach (Section 3.5) resolved this by having the LLM
evaluate each criterion independently and computing the
profile-match score deterministically. In a controlled com-
parison with 𝑁 = 177, feature matrix scoring reduced
RMSE of same-match scores by 27% compared to direct
LLM scoring. This separation of semantic evaluation from
deterministic aggregation is, in our experience, essential for
production-quality LLM-based ranking.

5.2. Reflection Design
The reflection node’s effectiveness depends on result trans-
parency. Providing per-profile feature matrices and strategy-
level context enables nuanced learning, but the size of that
context is a trade-off. Larger contexts give the reflection
node more to learn from, at the cost of latency and compute.
Smaller contexts are cheaper but limit its ability to learn
why strategies failed or whether deeper paging is likely to
help. We currently place the top-𝐾 candidate profiles from
each strategy (Section 3.7) in the reflection node’s context,
from which it selects the top-𝐾 overall. Because the strate-
gies share scoring criteria, every profile that would be in
the top-𝐾 by raw score is guaranteed to be in this context.

The reflection node is not a merge-sort, however; its list-
wise reasoning ranks profiles by comparison rather than
by raw score, producing a top-𝐾 that may differ from the
score-ordered top-𝐾 .

5.3. Fairness
We implement several guardrails before deployment, during
live operation, and after deployment, such as: job seeker
location data is not sent in LLM context to prevent geo-
graphic bias; protected characteristics are not passed into
the comparative reasoning node and its LLM instructions
prohibit trying to infer them; evaluation criteria are derived
from job requirements; a variety of automated responsible
AI (RAI) guardrails are used to moderate employer-specified
criteria, mitigating attempts to create problematic ones; all
LLM inputs and outputs pass through our moderation lay-
ers; and reviews are conducted by our legal and RAI teams
prior to launch with ongoing monitoring.

5.4. Limitations
Deep Sourcing’s effectiveness depends on the underlying
retrieval platform. If first-pass retrieval fails to surface rele-
vant candidate profiles, LLM evaluation and reflection can-
not recover. The system’s reliance on multiple sequential
LLM calls creates latency unsuitable for some real-time inter-
actions, motivating the single-loop variant. LLM-as-judge
evaluation, while more consistent than keyword matching,
is not immune to documented biases [10, 29, 31] and requires
ongoing monitoring.

The system also shares a broader risk faced by LLM-
powered workflows: candidate-provided text may contain
prompt-injection attempts or other adversarial content. Re-
cent work has explored detecting [32] and mitigating [33]
such attacks against a candidate ranking system.

5.5. Future Work
We are investigating replacing pointwise evaluation and
reflection nodes with smaller, fine-tuned language models
to reduce cost and latency. Early results suggest fine-tuned
models can approach large LLM quality for structured evalu-
ation tasks with well-defined rubrics. We are also exploring
cross-session memory to accumulate employer preferences



and market knowledge, and ambient operation where the
system proactively re-runs sourcing when hiring-pipeline
health changes.
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