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Abstract
Agent evaluation usually measures what an agent does after it re-
ceives a task. Mixed human-agent systems face an earlier evaluation
question: which human, proxy agent, service agent, or reusable
skill should join the task at all? We present ClawBot-Matching,
a matching environment for Scientist ClawBot Hub. The system
parses natural-language interaction into structured capabilities,
needs, and constraints. It then uses MapScore to estimate bidi-
rectional value, asking whether a candidate covers the requester’s
residual capability gap and whether the task satisfies the candi-
date’s participation needs. Hard constraints such as consent, data
access, safety, and availability act as gates. A coarse-to-fine plan-
ner combines greedy ranking, uncertainty-aware exploration, and
LLM-based dream simulation for the top candidates. Online feed-
back updates capability priors and scoring weights. We frame
this pipeline as an RL-style evaluation environment, where the
state is a mixed human-agent network, the action is a proposed
match, and the reward combines explicit user feedback, behavior sig-
nals, and downstream outcomes. The released prototype supports
one-to-one ranking, one-to-many team construction, explanation
cards, fixture scenarios, and regression tests. Code is available at
github.com/kexinchu/clawbot-matching.

1 Introduction
LLM agents can retrieve information, write code, call tools, and
coordinate with users. Many deployments still fail before execution
starts. A requester may not know which collaborator has the miss-
ing domain skill. A platform may select a strong agent that lacks
data permission. A human candidate may have the right expertise
but no reason to accept the task. These failures do not test whether
an assigned agent can act. Instead, they test whether the system
can create the right collaboration context.

We study collaboration matching in mixed human-agent net-
works. A node may be a human researcher, a proxy agent that acts
for a user, a service agent with tools, or a reusable skill. A match
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creates a task-conditioned edge. That edge can trigger negotiation,
division of labor, tool use, artifact exchange, and later feedback. The
decision should therefore answer four practical questions. What
capability gap does the candidate fill? Why would the candidate
participate? Which hard constraints block the match? How should
the system explore new or uncertain candidates?

This problem focuses on agent evaluation methods and RL envi-
ronment design. We treat the matcher as a policy. The environment
is a changing collaboration network. The policy observes task and
profile signals, proposes an edge or team, and receives feedback
from users and task outcomes. Thus, it makes a usually hidden
failure mode measurable, where a system can fail not because every
agent is weak, but because it connected the wrong participants.

Existing work provides useful pieces but does not solve this
setting. Recommender systems predict relevance or preference
[2, 4, 10]. Multi-stakeholder recommendation adds platform and
producer objectives [1, 5]. Expert team formation covers skill re-
quirements over a network [8, 11]. Matching markets model two-
sided preference and recentwork studies learning under uncertainty
[6, 9]. Recent multi-agent systems evaluate cooperation after par-
ticipants are already chosen [7, 12, 13]. ClawBot-Matching focuses
on which heterogeneous participant should be connected to the
current task, under what explanation, and with what constraints?

We make three contributions. First, we formulate collaboration
matching as a closed-loop evaluation problem for mixed human-
agent networks. Second, we present MapScore, a bidirectional
score that separates requester-side capability coverage, candidate-
side participation value, and non-compensatory hard gates. Third,
we describe a model-based planning loop that uses greedy ranking,
UCB exploration, LLM dream simulation, match cards, and online
feedback. The prototype and tests are released in the public GitHub
repository.

2 Problem Setup
Amatching episode contains a requester𝑢, a task𝑇 , and a candidate
pool C. The matcher returns a ranked list or a small team proposal.
Each candidate 𝑣 ∈ C can be human or artificial. The system must
support one-to-one matches, such as recommending a specialist
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Figure 1: ClawBot-Matching workflow. Natural-language interaction enters a representation layer, MapScore acts as an explain-
able world model, planning uses greedy ranking and dream simulation, action execution produces match cards, and online
bandit learning closes the loop.

agent, and one-to-many matches, such as building a team with
complementary expertise.

Each node 𝑣 stores capabilities, needs, and constraints:

s𝑣 = (Cap𝑣,Need𝑣, L𝑣). (1)

The capability set is open-ended:

Cap𝑣 = {(e𝑣𝑖 , 𝑝𝑣𝑖 , 𝜎𝑣𝑖 )}
𝑛𝑣
𝑖=1, (2)

where e𝑣𝑖 is a semantic embedding, 𝑝𝑣𝑖 ∈ [0, 1] is estimated profi-
ciency, and 𝜎𝑣𝑖 is uncertainty. The same representation can hold a
person’s clinical expertise, a proxy agent’s coding skill, a service
agent’s retrieval tool, or a reusable evaluation template.

A task is represented as

𝑇 = (𝐺𝑇 ,Q𝑇 ,O𝑇 , L𝑇 ,X𝑇 ), (3)

where𝐺𝑇 is the goal,Q𝑇 contains required capabilities,O𝑇 contains
offers or incentives, L𝑇 contains task-level constraints, and X𝑇 con-
tains context. We separate requirements and offers. Requirements
say what the requester needs. Offers say why a candidate would
participate, such as authorship, payment, access to data, learning
value, or a scoped service request.

The matcher should return more than a score. It should pro-
duce an explanation card that names covered gaps, satisfied needs,
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passed gates, and remaining risks. This design makes each recom-
mendation auditable. It also turns user feedback into structured
supervision. A rejection can mean that the capability estimate was
wrong, the incentive model was wrong, a gate was missing, or the
proposed process was too costly.

3 Method
Figure 1 shows the full workflow. ClawBot-Matching has five layers.
Layer 1 converts a natural-language conversation into structured
user and task information. Layer 2 scores candidate edges with
an explainable world model. Layer 3 plans over that model and
simulates high-value actions. Layer 4 executes the recommendation
through match cards and accept, skip, or reject actions. Layer 5
updates priors and weights from online feedback.

3.1 Bidirectional MapScore
MapScore estimates the value of connecting requester 𝑢 and can-
didate 𝑣 for task 𝑇 :

𝑀 (𝑢, 𝑣,𝑇 ) = 𝜎 (𝑢, 𝑣,𝑇 )
[
𝜆𝑆cap (𝑢, 𝑣,𝑇 )

+ (1 − 𝜆)𝑆need (𝑣,𝑇 )
]
.

(4)

The term 𝑆cap measures how much 𝑣 covers the requester’s residual
capability gap. The term 𝑆need measures how well the task satisfies
𝑣 ’s participation needs. The weight 𝜆 ∈ (0, 1) balances the two sides
and can be learned from feedback.

For each requirement 𝑗 , the model estimates requester coverage
𝑝
𝑗
𝑢 and computes the residual gap:

Gap𝑗 (𝑢,𝑇 ) = max(0, 𝑞 𝑗 − 𝑝 𝑗
𝑢 ). (5)

Candidate coverage contributes only where this gap remains. This
choice matters in science and engineering tasks because comple-
mentary expertise often matters more than topical similarity.

Hard feasibility uses a binary gate:

𝜎 (𝑢, 𝑣,𝑇 ) =
∏

𝑟 ∈R(𝑢,𝑣,𝑇 )
I[𝑟 = 1] . (6)

The rule set R can include safety policy, consent, data clearance,
availability, conflict of interest, tool permission, and task prerequi-
sites. If any rule fails, the candidate is filtered before ranking. High
capability cannot compensate for a missing approval.

3.2 Coarse-to-Fine Planning
The planner first applies MapScore to all feasible candidates. For
one-to-one matching, it ranks the candidates and returns the top
options. For one-to-many matching, it greedily adds the candidate
with the largest marginal reduction in the residual gap while pre-
serving candidate-side value. This gives a scalable approximation
to coverage-based team formation [8].

The analytical score cannot capture every process failure. A
candidate may have the right skill but little time. Two candidates
may cover the same role. A service agent may produce outputs that
are hard to integrate. ClawBot-Matching therefore runs a slower
simulation only on the top-𝐾 candidate actions. The simulator
estimates timeline fit, communication cost, priority alignment, role
ambiguity, and other risk signals. The final ranking is

𝑅(𝑎) = 𝜂𝑀𝑎 + (1 − 𝜂)𝑆sim (𝑢, 𝑎,𝑇 ), 𝜂 ∈ [0, 1], (7)

where 𝑎 is a candidate or team action, 𝑀𝑎 is its analytical value,
and 𝑆sim is simulated compatibility.

3.3 Action Execution and Match Cards
The execution layer presents each proposed match as a card. A
card contains four claims: the gap the candidate covers, the value
the task offers to the candidate, the gates that passed or require
approval, and the process risks found by simulation. The user can
accept, skip, or reject the recommendation. The candidate can also
accept or reject when consent is required.

This interface supports explanation and learning at the same
time. If the user rejects a card because the candidate lacks data
clearance, the system updates gate logic or profile state. If the
candidate rejects because the incentive is weak, the system updates
the need model. If both accept but the collaboration fails because
roles are unclear, the simulator receives a process-level error signal.
Each card therefore becomes a compact evaluation trace.

3.4 Feedback Learning and Exploration
After each episode, the system observes explicit feedback, behavior
signals, and outcomes. Explicit feedback includes accept, skip, reject,
ratings, and corrections. Behavior signals include response time,
follow-through, and communication load. Outcomes include task
completion, quality, cost, and later user satisfaction. The reward
used by the learning loop is

𝑟 = 𝑟explicit + 𝜆1𝑟behav + 𝜆2𝑟outcome . (8)

This reward updates capability priors (𝜇, 𝜎) and score weights𝑤 .
It also supports exploration. A simple upper-confidence retrieval
rule is

Select𝑡 (𝑣) =𝑀 (𝑢, 𝑣,𝑇 ) + 𝑐 𝜎𝑣

√︄
log(𝑡 + 1)
𝑛𝑣 + 1

, (9)

where 𝜎𝑣 is candidate uncertainty and 𝑛𝑣 is the number of prior in-
teractions. The bonus gives new humans, agents, and skills a chance
to appear in the shortlist. As feedback accumulates, uncertainty
shrinks and the policy shifts toward exploitation [3].

4 Evaluation Environment
We evaluate ClawBot-Matching as an RL-style environment for
collaboration decisions. The state contains the current network,
public profiles, task context, and uncertainty estimates. The action
is a proposed edge or team. The transition records whether users
accept, whether gates hold, how the collaboration proceeds, and
how node states change. The reward combines capability cover-
age, candidate-side value, constraint safety, process cost, and task
outcome.

This setup supports four evaluation layers. Offline replay uses
logged or curated tasks and asks whether the matcher ranks fea-
sible, complementary candidates. Simulation stress tests control
missing profiles, noisy capabilities, sparse feedback, hard-gate er-
rors, and candidate growth. Human study measures whether users
understand the match cards and trust the stated reasons. Online
hub evaluation measures acceptance rate, completion rate, time to
collaboration, quality, and unwanted interruption.

We compare against four baselines. A similarity baseline re-
trieves candidates whose descriptions are closest to the task. A
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Metric What it tests

Gap coverage Whether selected candidates reduce residual
task requirements.

Mutual value Whether task offers fit candidate needs and
increase acceptance.

Gate safety Whether the policy blocks consent, access,
safety, and eligibility violations.

Simulation value Whether dream simulation catches role con-
flict, timing mismatch, and communication
cost.

Cold start Whether uncertain but useful candidates re-
ceive exposure without excessive regret.

Card fidelity Whether match-card reasons match score
components and user judgments.

Table 1: Evaluation targets for the matching policy. The met-
rics expose different failure modes, so no single scalar score
is sufficient.

capability-only baseline ranks by residual gap coverage. A need-
only baseline ranks by candidate-side participation value. A feasible-
random baseline samples among candidates that pass hard gates.
We also run ablations without hard gates, without simulation, with-
out candidate needs, and without UCB exploration. These tests
show which component protects each metric in Table 1.

The evaluation should also test reward hacking. A policy that
maximizes acceptance may recommend only easy tasks. A policy
that maximizes capability coverage may overuse popular experts
and ignore consent burden. A policy that maximizes exploration
may interrupt too many users. We therefore report metric vectors
rather than one reward alone. We also inspect match-card traces
so that users can see why the policy selected a candidate.

5 Prototype Case Study
Scientist ClawBot Hub motivates the prototype. A requester de-
scribes a research goal in natural language, such as building an
evaluation set for a biomedical retrieval agent, reproducing a ro-
botics ablation, or forming a team for a multimodal triage paper.
The representation layer extracts required capabilities, task con-
straints, available offers, and contextual details. The candidate pool
can include human researchers, proxy agents, service agents, and
reusable skills.

Consider a requester who wants to build a multimodal patient-
triage paper. The task needs clinical data analysis, multimodal mod-
eling, evaluation design, and paper writing. It offers authorship,
dataset access, and a clear research direction. Candidate nodes in-
clude a clinical collaborator, a statistics expert, a writing agent, a
retrieval agent, and a data-access service. A good policy should se-
lect complementary nodes, reject candidates without data clearance,
avoid redundant expertise, and explain every proposed edge.

A typical match card might say that a clinical collaborator covers
the medical-labeling gap, that authorship and access to a concrete
dataset support candidate value, and that institutional data approval
remains required. For a service agent, the card might say that the
agent covers benchmark generation but needs compute permission.
For a reusable skill, the card might say that the skill covers only one

subtask and should be paired with an evaluation-design candidate.
These claims make feedback actionable. The user can correct the
missing capability, incentive, gate, or process risk.

The released repository contains a modular implementation of
the scoring and planning stack. It includes simple encoders, optional
semantic encoders, fixture generation, deterministic one-to-one
ranking, residual-gap team construction, explanation-card outputs,
and regression tests. The current system provides a reproducible
environment for studying how collaboration matching affects agent
evaluation.

6 Limitations, Safeguards, and Conclusion
ClawBot-Matching depends on profile quality. Human profiles may
be incomplete, and agent capability descriptions may be overconfi-
dent. The simulator can miss social factors that affect real collab-
oration. Feedback may be sparse, delayed, or biased toward users
who already engage with the hub. These limits matter because the
matcher can shape who receives opportunities, credit, and inter-
ruptions.

We therefore treat the current system as an evaluation envi-
ronment before treating it as an autonomous deployment tool. A
safe rollout should require user-auditable gates, opt-out controls,
rate limits for invitations, and human approval for sensitive data
or high-cost service agents. The system should log why a match
passed, which profile fields it used, and which uncertainty term
justified exploration. It should not infer sensitive constraints or
personal attributes without explicit consent. It should also separate
a person’s worth from a task-specific capability estimate.

The reward design needs similar care. Acceptance rate alone
can reward shallow matches. Outcome quality alone can overuse
already-visible experts. Exploration alone can create unwanted
interruptions. Our planned metric vector tests these tradeoffs by
reporting coverage, mutual value, gate safety, simulation value,
cold-start behavior, and card fidelity together. Future work should
calibrate uncertainty with real traces, measure long-term fairness,
and compare human-only, agent-only, and mixed teams under the
same task distribution.

ClawBot-Matching reframes matching as an evaluation prob-
lem for mixed human-agent systems. It asks whether a proposed
participant is useful, feasible, mutually valuable, and explainable
before downstream work begins. By combining bidirectional scor-
ing, hard gates, simulation, and online learning, the system turns
collaboration formation into an auditable RL-style environment.
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A Additional Method Details
A.1 Attention-Based Semantic Matching
We instantiate capability and offer matching with attention over
open-set semantic items. Task requirements are written as

Q𝑇 = {(q𝑗 , 𝑞 𝑗 ,𝑤𝑇
𝑗 )}𝑚𝑗=1,

where q𝑗 is a requirement embedding, 𝑞 𝑗 is the required level, and
𝑤𝑇

𝑗 is its task-specific importance. Candidate needs and task offers
are written as

Need𝑣 = {(z𝑣𝑙 , 𝑛
𝑣
𝑙
)}ℎ𝑣

𝑙=1, O𝑇 = {(o𝑘 , 𝑜𝑘 )}𝑟𝑘=1 .

For each task requirement q𝑗 , requester-side coverage is com-
puted by attention over requester capabilities:

𝛼𝑢𝑖,𝑗 =
exp(sim(q𝑗 , e𝑢𝑖 )/𝜏)∑
𝑘 exp(sim(q𝑗 , e𝑢𝑘 )/𝜏)

, 𝑝
𝑗
𝑢 =

∑︁
𝑖

𝛼𝑢𝑖,𝑗𝑝
𝑢
𝑖 .

Candidate-side proficiency and uncertainty are computed analo-
gously as 𝑝 𝑗

𝑣 and 𝜎̃
𝑗
𝑣 . We use an optimistic coverage estimate

𝑐
𝑗
𝑣 = min(1, 𝑝 𝑗

𝑣 + 𝛽𝑡 𝜎̃ 𝑗
𝑣 ),

where 𝛽𝑡 controls uncertainty-aware optimism. The capability-gap
score is

𝑆cap (𝑢, 𝑣,𝑇 ) =
∑

𝑗 𝑤
𝑇
𝑗 min(Gap𝑗 (𝑢,𝑇 ), 𝑐

𝑗
𝑣)∑

𝑗 𝑤
𝑇
𝑗

Gap𝑗 (𝑢,𝑇 ) + 𝜖
.

For participation-value fit, each candidate need attends over task
offers:

𝛾 𝑣
𝑘,𝑙

=
exp(sim(z𝑣

𝑙
, o𝑘 )/𝜏𝑜 )∑

𝑘′ exp(sim(z𝑣
𝑙
, o𝑘′ )/𝜏𝑜 )

, 𝑜𝑇
𝑙
=

∑︁
𝑘

𝛾 𝑣
𝑘,𝑙
𝑜𝑘 .

The need satisfaction score is

𝑆need (𝑣,𝑇 ) =
∑

𝑙 𝑛
𝑣
𝑙

min(𝑜𝑇
𝑙
, 𝑛𝑣

𝑙
)∑

𝑙 𝑛
𝑣
𝑙
+ 𝜖 .

A.2 Residual-Gap Team Construction
For one-to-𝑁 matching, the planner maintains a residual capability
gap R and greedily adds the feasible candidate with the largest
marginal value:

Δ(𝑣 | S) = 𝜎 (𝑢, 𝑣,𝑇 )
[
𝜌

∑
𝑗 𝑤

𝑇
𝑗 min(𝑅 𝑗 , 𝑐

𝑗
𝑣)∑

𝑗 𝑤
𝑇
𝑗
𝑅 𝑗 + 𝜖

+ (1 − 𝜌)𝑆need (𝑣,𝑇 )
]
,

where 𝜌 balances residual capability coverage and candidate-side
value.

A.3 Feedback Update Equations
When feedback provides evidence about a capability item, we up-
date its proficiency and uncertainty with a Gaussian posterior
update. For an observation 𝑥𝑡 with noise variance 𝜎2

obs and prior
(𝜇𝑣𝑖,𝑡 , (𝜎𝑣𝑖,𝑡 )2),

𝜇𝑣𝑖,𝑡+1 =
𝜇𝑣𝑖,𝑡/(𝜎𝑣𝑖,𝑡 )2 + 𝑥𝑡/𝜎2

obs

1/(𝜎𝑣
𝑖,𝑡
)2 + 1/𝜎2

obs
,

Algorithm 1 Residual-gap team construction
1: S ← ∅; R← Gap(𝑢,𝑇 )
2: while |S| < 𝑛max and ∥R∥1 > 𝜖 do
3: 𝑣∗ ← arg max𝑣∈C\S Δ(𝑣 | S)
4: if Δ(𝑣∗ | S) ≤ 0 then
5: break
6: end if
7: S ← S ∪ {𝑣∗}
8: 𝑅 𝑗 ← max(0, 𝑅 𝑗 − 𝑐 𝑗𝑣∗ ) for all 𝑗
9: end while
10: return S

(𝜎𝑣𝑖,𝑡+1)2 =

(
1
(𝜎𝑣

𝑖,𝑡
)2 +

1
𝜎2

obs

)−1

.

Weupdate the balance parameter 𝜆 byminimizing prediction loss
between observed collaboration outcome 𝑦𝑡 and predicted success:

L𝑡 = (𝑦𝑡 − 𝑦𝑡 )2, 𝑦𝑡 = 𝜆𝑆cap (𝑢, 𝑣,𝑇 ) + (1 − 𝜆)𝑆need (𝑣,𝑇 ).
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