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Abstract
Today’s benchmarks for language model (LM) agents that compose services are seldom built for reuse: the services
are code, each task is scored by code of its own and the agent interacts with the services through a custom interface.
Adding a service, building an environment or adapting a task therefore means programming, so a benchmark
grows only as fast as its developers program, and an agent has to be adapted to every benchmark. We present
WoT-Lab, a framework for reusable and interoperable benchmarks: reusable because services, environments and
tasks are data, and interoperable because each service is a Thing of the W3C Web of Things (WoT), so an agent
needs nothing beyond an HTTP client to discover, observe and invoke it. Every Thing of WoT-Lab is described
with a WoT Thing Description that extends each of its Actions with an executable effect specification. WoT-Lab
instantiates every Thing from this description and a JSON file declaring its initial state. Each Thing therefore
behaves exactly as its effect specifications describe. A task states its goal as predicates over the final state, so every
task is scored the same way and no task needs scoring code of its own. One description thus plays three roles:
the agent fetches it, the environment executes it and the goals are stated over it. We formalize environments,
tasks and their success criterion, and we release a suite of six environments of up to 2279 Things with 76 tasks at
seven difficulty levels, each task with the shortest plan we know.
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1. Introduction

Describing, discovering and composing services have been studied for more than two decades [1, 2], but
for a different kind of agent. Composition was the work of planners. In the Semantic Web Services of the
2000s, each service carried a formal description of its inputs, outputs, preconditions and effects [3, 4, 5].
From these descriptions, a planner derived a sequence of invocations whose combined effects satisfied
the preconditions and effects required of the composite service, provided every service behaved as
described. A composition could thus be validated against the descriptions alone, without running
a service [6]. Today, language model (LM) agents take over the planner’s role [7, 8]: they compose
services to reach a user’s goal, but only with some probability. Additionally, when an LM agent samples
each call, the same request may yield different attempts, and an attempt may stop short of the goal or
act beyond it. Whether an agent composes services correctly has thus become an empirical question,
and answering it requires benchmarks for service-consuming agents.

Benchmarking agents tasked to change the state of the services they call requires stateful services [9,
10, 11]. Existing benchmarks typically express the behaviour of such a service twice, as program code
and as a prose description for the agent. They also often add code for scoring attempts and expose the
services through a custom interface. Code, prose and interface each carry a cost. Code has to be written
for every new service, environment and task, so a benchmark covers only the domains its authors could
afford to program. Prose at most summarizes an operation’s effect, so an agent cannot plan over it,
and where prose and code disagree, an attempt fails due to the benchmark, not the agent. Through the
interface, an agent reaches the services as function schemas [10, 11] or, at best, as a listing over the
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Model Context Protocol (MCP) [12, 13], so it has to be adapted to every benchmark. Returning to the
formal descriptions of Semantic Web Services would let an agent plan over effects, but such descriptions
stay apart from the code that implements the services, and they cost more to author than they returned
in value [7]. A benchmark therefore needs a description that is cheap to write, that is the service’s
behaviour, and that any agent can read.

In this paper, we present WoT-Lab, a framework for authoring benchmarks as data, together with a
suite of environments and tasks. WoT-Lab replaces interface, prose and code: the interface is a World
Wide Web Consortium (W3C) standard, each service is instantiated from the very description the agent
reads, and services, environments and tasks are data rather than code. WoT-Lab represents a service
as a Thing of the Web of Things (WoT) [14] and serves every Thing over HTTP, so an agent needs
nothing beyond an HTTP client to discover, observe and invoke the services. Each Thing is described
by a machine-readable Thing Description (TD) [15]. From the TD, an agent discovers the Thing’s links
to other Things, its Properties (observable state) and its Actions (operations). For a simulation, however,
the WoT defines no way to describe how a Thing behaves [16]. WoT-Lab therefore extends each Action
in the TD with an executable effect specification [17], an expression that maps the current state and the
Action’s input to the next state. WoT-Lab executes the effect specification itself, so a service has no
code that could diverge from its description. One document thus tells the agent what an Action does
and the environment how to execute it.

Environments and tasks are data as well: a JSON file lists an environment’s Things and their initial
state, and a JSON record states a task’s goal as a set of predicates over the final state, so no task needs
scoring code of its own. Stating tasks as data requires defining precisely what a goal and a successful
attempt are, which we do in a formal model (Section 3).

On this basis, we built a suite of six environments and 76 goal-directed tasks at seven difficulty levels.
Four environments model domains in which agents act on a user’s behalf: an e-commerce shop, a smart
home, a supply chain and a social media network. The other two test an agent at scale: the smart office
tests discovery among 2279 Things and the factory tests long plans, with tasks of up to 618 invocations.
Some tasks are already satisfied, because the initial state already meets their request, and some are
infeasible, because no run can meet their request. In both, an attempt that invokes no Action succeeds.
Every task carries an optimal plan, the shortest run known to us that reaches its goal.

Our contributions are thus:
1. A formal model of environments, tasks and a state-based success criterion (Section 3).
2. The WoT-Lab framework, which instantiates each Thing from its Thing Model (TM) and state file

and executes the effect specifications of its TD (Section 4).
3. A suite of 76 tasks in six environments instantiated in WoT-Lab, each task with an optimal plan

(Section 5).

2. Background

In this section, we describe the background WoT-Lab is built upon: the WoT specifications and the
language in which an Action’s effects are specified.

Throughout this paper, we use the following running example. Alice wants to read in the evening
and instructs her agent to dim her reading lamp to 30 percent. The lamp, however, draws its power
from a smart plug that is switched off. Before it can act, the agent must therefore discover the lamp,
learn that the lamp is unpowered, follow the lamp’s description to the plug and find that toggling the
plug powers the lamp. Only then can it switch the plug on and dim the lamp (Figure 1). From the lamp’s
description, the agent thus needs not only the lamp’s operations but also their dependencies and effects.

The environments of this paper follow the WoT Architecture [14], a W3C Recommendation for
describing and accessing connected devices and services. Every service, such as Alice’s lamp and plug,
is a Thing. A Thing exposes Properties (observable state) and Actions (operations that change that state).
The smart plug, for example, is a Thing that exposes the Properties poweredOn and device and provides
the Action toggle().
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Figure 1: Two Things of Alice’s smart home, the lamp and the plug. Each Thing has a TD, which names its
Properties, its Actions with their effects (𝛿) and its links. The initial state gives every Property a value. Action
outputs are omitted. The dashed arrow is the effect of the plug’s toggle() Action on the lamp’s poweredOn
Property, reached through the plug’s device Property, and the dotted arrow is the lamp’s controlledBy link to
the plug.

Each Thing is described by a TD [15], a JSON-LD document that lists the Thing’s Properties and
Actions. For every Property value and every Action input and output, the TD gives a JSON Schema,
and for every Property it states whether a client may read it, write it or both. A TD also contains
links, which point to related Things. The TD of Alice’s lamp links to the plug that powers it under
the relation controlledBy. The lamp’s TD thus gives an agent the lamp’s operations, such as the
setBrightness(level) Action with the schema of its input level, and, through the link, the plug
they depend on. The TD Recommendation also defines the Thing Model (TM), a template from which
TDs are instantiated: a TM describes a class of Things and leaves out instance-specific parts, such as a
Thing’s identifier and the forms that give the Uniform Resource Identifiers (URIs) of its operations.

What a TD does not give is the effect of these operations on the state. In WoT-Lab’s environments,
each Action is therefore annotated with its effects in a declarative effect specification language [17]. An
effect specification consists of assignments to Properties. A primed name such as brightness' denotes
the Property’s value after the Action, and an unprimed name such as brightness denotes its value
before. The effect of the setBrightness(level) Action in Figure 1 assigns the requested level to the
brightness Property only if the lamp is powered, and otherwise leaves the brightness unchanged. An
effect may also change the Properties of another Thing. The plug’s device Property holds the identifier
of the lamp it powers, so device.poweredOn denotes the lamp’s poweredOn Property. The effect of the
plug’s toggle() Action thus specifies that invoking the toggle() Action flips the plug’s poweredOn
Property and sets the lamp’s poweredOn Property to the plug’s new value.

The effects of an Action describe one simultaneous transition, which we formalize in Section 3 as the
effect function 𝛿. Every right-hand side is evaluated against the state at the moment of invocation, and
all assignments are then applied at once. The order of the effects therefore carries no meaning. An effect
may read only the state before the invocation and the input of its Action, so no effect may read a primed
Property. The effect specification language expresses arithmetic, comparisons, conditional expressions
and operations on lists (appending, removing, counting and testing membership), but neither wall-clock
time nor randomness. The state after any sequence of Action invocations is therefore determined by
the initial state and the invocations alone, so replaying them from the same initial state always leads to
the same state.

3. Model

The formal model underlying WoT-Lab makes precise what an agent must achieve in a task and when
an attempt succeeds.



lamp.poweredOn = false
lamp.brightness = 100
plug.poweredOn = false

lamp.poweredOn = true ✓

lamp.brightness = 100
plug.poweredOn = true

lamp.poweredOn = true ✓

lamp.brightness = 30 ✓

plug.poweredOn = true

𝑆0 𝑆1 𝑆2

plug.toggle() lamp.setBrightness(30)

{ ⟨lamp.poweredOn = true⟩, ⟨lamp.brightness = 30⟩ }
𝐺Alice

Figure 2: The goal 𝐺Alice of Alice’s task (dashed box) and the task’s optimal plan, a run from the initial state 𝑆0

of Alice’s smart home. Box 𝑆𝑖 shows the state after the run’s first 𝑖 invocations. A check mark ✓ marks a value
that satisfies its goal predicate. The arrows represent the run’s two Action invocations.

Things, Properties and Actions. Let 𝒯 be a finite set of Things, where a Thing 𝑡 ∈ 𝒯 is identified
by a unique URI uri𝑡 and exposes Properties and Actions, whose names form the finite sets 𝒫𝑡 and 𝒜𝑡,
respectively. Within a Thing, Property names are unique, and so are Action names [15]. We write 𝑡.𝑝
for the URI (uri𝑡, 𝑝) of a Property and 𝑡.𝛼 for the URI (uri𝑡, 𝛼) of an Action. These URIs form the sets

ℛp =
⋃︁
𝑡∈𝒯

⋃︁
𝑝∈𝒫𝑡

{(uri𝑡, 𝑝)} , ℛa =
⋃︁
𝑡∈𝒯

⋃︁
𝛼∈𝒜𝑡

{(uri𝑡, 𝛼)} .

States and environments. Property values and Action inputs are JSON values, which a TD types with
JSON Schema. We write 𝒟 for the set of all JSON values. A state is a function 𝑆 : ℛp → 𝒟 that assigns
every Property URI a value, and we write 𝒮 for the set of all states. An environment is a pair 𝐸 = (𝒯 , 𝑆0)
of a set 𝒯 of Things and an initial state 𝑆0 ∈ 𝒮 . Alice’s smart home is an environment whose
Things include the lamp and the plug of Figure 1. Its initial state sets 𝑆0(lamp.poweredOn) = false,
𝑆0(lamp.brightness) = 100 and 𝑆0(plug.poweredOn) = false.

Effects. An Action 𝛼 ∈ 𝒜𝑡 is invoked at its URI 𝑡.𝛼 ∈ ℛa with input 𝑣⃗ ∈ 𝒟𝑛, a tuple of the 𝑛 values
the Action takes. Each Action is defined by its effect function 𝛿𝑡.𝛼 : 𝒮×𝒟𝑛 → 𝒮 , which maps a pre-state 𝑆
and the input to the post-state 𝛿𝑡.𝛼(𝑆, 𝑣⃗). An effect function may change the Properties of several Things
at once: 𝛿plug.toggle flips the plug’s poweredOn Property and sets the lamp’s poweredOn Property to the
plug’s new value. It may also be conditional: 𝛿lamp.setBrightness sets the lamp’s brightness Property to
its input only if the lamp is powered and otherwise returns the pre-state.

Runs. A run is a finite sequence of Action invocations 𝜌 = 𝑡1.𝛼1(𝑣⃗1), . . . , 𝑡𝑘.𝛼𝑘(𝑣⃗𝑘) leading from
the initial state 𝑆0 to the run’s final state 𝑆𝜌 = 𝛿𝑡𝑘.𝛼𝑘

(· · · 𝛿𝑡1.𝛼1(𝑆0, 𝑣⃗1) · · · , 𝑣⃗𝑘). The empty run
leaves the initial state unchanged, 𝑆𝜌 = 𝑆0. The run’s length |𝜌| is its number of invocations 𝑘.
We write 𝑆𝑖 for the state after the first 𝑖 invocations of a run. In Figure 2, the run plug.toggle(),
lamp.setBrightness(30) leads from 𝑆0 to the state 𝑆2, in which the lamp is powered and dimmed
to 30. We assume that the invocations of a run are applied sequentially, that no other party changes the
state during the run and that the state changes only through invocations (Section 4).

Goals. A goal states a condition on the final state of a run. A goal predicate is a function 𝑔 : 𝒮 → B,
where B = {true, false}. A state 𝑆 satisfies 𝑔, written 𝑆 |= 𝑔, iff 𝑔(𝑆) = true. In our tasks, every
goal predicate compares one Property with a constant 𝑐 ∈ 𝒟. We write ⟨𝑡.𝑝 = 𝑐⟩ for the predicate that
holds in 𝑆 iff 𝑆(𝑡.𝑝) = 𝑐, and likewise for the other comparison operators (Section 5.2). A goal is a
finite non-empty set 𝐺 of goal predicates, read as a conjunction: a state 𝑆 satisfies 𝐺, written 𝑆 |= 𝐺,
iff 𝑆 |= 𝑔 for every 𝑔 ∈ 𝐺. A run 𝜌 reaches 𝐺 iff 𝑆𝜌 |= 𝐺. Alice’s request corresponds to the goal 𝐺Alice

(Figure 2), which asks for a powered lamp at brightness 30. Goals specify the final state only in part:
they constrain only the Properties named by their predicates, and other Properties may change. No
predicate of 𝐺Alice, for example, names plug.poweredOn, although reaching the goal requires switching
the plug on.



Tasks. A task is a triple (𝐸,𝑁,𝐺) of an environment 𝐸 = (𝒯 , 𝑆0), a natural-language request 𝑁
and a goal 𝐺 such that some run reaches 𝐺. In Alice’s task, 𝐸 is Alice’s smart home (Figure 1), 𝑁 is the
sentence “Dim my reading lamp to 30 percent” and 𝐺 is the goal 𝐺Alice. An optimal plan for a task is a
shortest run that reaches 𝐺. The two-step run in Figure 2 is the optimal plan of Alice’s task. We denote
the length of a task’s optimal plan by ℓ, which is zero when 𝑆0 |= 𝐺. The optimal plan is empty for two
kinds of tasks (examples in Table 2). An already-satisfied task’s request 𝑁 asks for a state that already
holds in 𝑆0, and an infeasible task’s request 𝑁 asks for a state that no run reaches, so its goal states that
the initial state stays unchanged.

Attempts, success and efficiency. An agent attempting a task receives the request and the environ-
ment in its initial state. Its attempt is the run 𝜌 of the Action invocations it issues, so reading Properties
and fetching TDs are not part of the attempt. The attempt leads to its final state 𝑆𝜌 and succeeds iff it
meets the task’s success criterion 𝑆𝜌 |= 𝐺. In an already-satisfied or infeasible task, an attempt that
invokes no Action therefore succeeds, and any other attempt fails only if its invocations leave a predicate
of the goal violated. An agent may additionally report that a request is unreachable, and the harness
in our repository records such a report. Success, however, stays a property of the final state alone.
If the task’s optimal plan is not empty (ℓ > 0), a successful attempt has efficiency ℓ/|𝜌|. Suppose an
agent attempting Alice’s task first invokes lamp.setBrightness(30), which changes nothing on the
unpowered lamp, and then plug.toggle() and lamp.setBrightness(30) again. The agent’s attempt
succeeds with three invocations where the optimal plan needs two, so its efficiency is 2/3. A failed
attempt can be graded further by the fraction of the predicates of 𝐺 that 𝑆𝜌 satisfies.

4. Instantiating Environments

WoT-Lab serves an environment 𝐸 = (𝒯 , 𝑆0) in which every Thing executes the effect specifications
of the very TD that an agent fetches from it.

A Thing is authored as two JSON files: a TM, which annotates each of the Thing’s Actions with its
effect specification, and a state file, which declares the Thing’s initial state. An environment is authored
as an environment file, a JSON file whose entries each name a TM to instantiate and fix the identifier of
the resulting Thing. Under this identifier, WoT-Lab serves each Thing over the WoT HTTP binding [18].
WoT-Lab instantiates one Thing per entry in the environment file, so the same TM may be instantiated
many times: for the smart office, WoT-Lab instantiates 2279 Things from ten TMs (Section 5.1). An
entry may also override the Thing’s title, initial state and links, and it may annotate the Thing’s TD.
In the environment file of Alice’s smart home, the plug’s entry sets the plug’s device Property to the
lamp’s identifier, and the lamp’s entry links the lamp to the plug (Figure 1). The state files and these
overrides together declare an initial state, which we call the environment’s declared initial state.

1 "setBrightness": {
2 "input": { "type": "object", "properties": {

3 "level": { "type": "integer", "minimum": 0, "maximum": 100 } },
4 "required": ["level"] },

5 "output": { "type": "object", "properties": { "success": { "type": "boolean" },

6 "brightness": { "type": "integer" } } },

7 "lab:effects": "brightness' = poweredOn ? level : brightness;

8 output.success = poweredOn; output.brightness = brightness';" }

Listing 1: The setBrightness(level) Action in the lamp’s TD, with its title and description omitted. The first
clause of the effect specification lab:effects is the effect that Figure 1 shows.

An agent learns from an Action’s response whether its invocation took effect. WoT-Lab computes
this response, the Action’s output, from output clauses that the effect specification declares next to the
effects. Outputs do not change the state, so the effect function 𝛿𝑡.𝛼 leaves them out. Listing 1 shows



Table 1
The six environments of the suite and their tasks. Things, Properties and Actions are counted over the instantiated
Things, and Cross counts the Actions whose effect writes a Property of another Thing. DL0–DL5 and S count the
tasks per difficulty level (Table 2). ℓ̃ and ℓmax are the median and the maximum of the optimal plan’s length ℓ
over the environment’s tasks, counting the empty plans of DL0 and DL5, and |𝐺| is the mean number of goal
predicates per task.

Environment Tasks per level Per task

Things Prop. Act. Cross DL0 DL1 DL2 DL3 DL4 DL5 S All ℓ̃ ℓmax |𝐺|

E-commerce 4 9 12 4 1 2 2 6 1 2 – 14 1 7 3.5
Smart home 7 22 11 7 2 3 2 4 2 2 – 15 1 5 3.1
Supply chain 6 18 6 6 2 1 2 3 6 2 – 16 1 4 3.3
Social media 3 27 12 9 2 2 2 6 1 1 – 14 1 4 2.7
Smart office 2279 3684 2113 843 – – – – – – 11 11 2 10 2.4
Factory 37 115 27 25 0 0 1 4 0 1 – 6 78 618 2.3

Total 2336 3875 2181 894 7 8 9 23 10 8 11 76 – – –

the setBrightness(level) Action in the lamp’s TD. Its output schema types the response, and its
effect specification defines each field of the response by one clause output.<field> = <expression>.
WoT-Lab evaluates the output clauses after applying the effects. An output clause may therefore read a
primed Property. For example, output.brightness reports the brightness after the invocation. In 𝑆0,
where the lamp is unpowered, the invocation lamp.setBrightness(30) answers {"success": false,
"brightness": 100}, which tells the agent that the invocation took no effect.

An evaluator, the program or person that runs a task and scores its attempt, controls an environment
through routes under the reserved path /_lab. The route POST /_lab/reset restores the declared
initial state, and POST /_lab/state assigns Property values, even of read-only Properties, to set a
task’s initial state (Section 5.2). A third route lists an environment’s tasks with their goals. By default,
WoT-Lab answers these routes only from the local machine, so an agent on another machine can neither
change the state through them nor read the goals. An agent on the local machine could do both, so
an evaluator who runs an agent there confines it, for example, to a container. Besides these routes,
WoT-Lab serves an HTML dashboard on which a person can invoke Actions, inspect the state and
replay a recorded run against a task (Section 5.4).

An evaluator runs a task in three steps. 1) The evaluator resets the environment and assigns the task’s
initial state, if the task sets one. 2) The agent receives the request and the root URI of the environment
and attempts the task. 3) The evaluator reads every Property that the goal names. Together, these steps
and WoT-Lab meet the assumptions of the model. Step 1 starts the attempt in the task’s initial state 𝑆0.
WoT-Lab applies each invocation atomically, so even concurrent invocations are applied sequentially.
No other party changes the state during the attempt as long as the evaluator runs one agent at a time
and no other party invokes Actions or uses the /_lab routes or the dashboard. As every Property of
the six environments is read-only and no effect reads wall-clock time or randomness, the state changes
only through invocations.

5. Suite: Environments and Tasks

In this section, we present the suite: the six environments we instantiated in WoT-Lab and the 76 tasks
they host. The suite consists only of data: a TM and a state file per authored Thing, one environment
file per environment and one record per task. We describe the environments and what couples their
Things (Section 5.1), the record in which a task is shipped (Section 5.2), the difficulty levels of the tasks
(Section 5.3) and how we authored and validated the tasks (Section 5.4).



5.1. Environments

Table 1 lists the six environments of the suite and the tasks they host. Four of them model service
domains in which agents act on a user’s behalf: e-commerce, smart home, supply chain and social
media. The remaining two test an agent at scale: the smart office tests discovery among 2279 Things,
and the factory’s tasks include plans of up to 618 invocations. All six couple their Things: an Action on
one Thing changes or depends on the state of another. Because the difficulty levels DL3 and DL4 build
on this coupling (Section 5.3), we describe for each environment the Actions that couple its Things.

E-commerce. Alice shops from a cart and pays from one of three bank accounts. The cart’s
checkout(...) Action takes the paying account as an input and subtracts the cart’s total from that
account’s balance Property, and an account’s transfer(...) Action writes the receiving account’s
balance Property. No Action checks an account’s funds, so a purchase can overdraw the paying account,
and a task goal on an account’s balance Property decides whether money must be transferred before
the checkout(...) Action.

Smart home. Alice’s home holds a thermostat, a washer, a dryer, a car charger, the lamp and the
plug of Figure 1, and a Thing for the home itself that aggregates power draw and monthly energy use.
Starting or stopping an appliance writes the home’s currentPowerUsageW Property, and the plug’s
toggle() Action writes the lamp’s poweredOn Property. A goal that bounds the power draw constrains
which appliances may run together.

Supply chain. A company runs three warehouses and buys stock from a supplier against a monthly
budget. The warehouses, the supplier and the budget are Things of their own, and a warehouse-system
Thing aggregates the three warehouses. A warehouse’s orderStock(...) Action takes a quantity of
units, adds the quantity times the supplier’s unit price to the budget’s monthlySpent Property, and
writes the system’s totalCurrentStock Property, whereas the transferStock(...) Action moves
stock to another warehouse and spends nothing. Stock can therefore be raised by ordering or by
transferring, and a goal on the budget decides between the two.

Social media. Alice, Bob and Charlie each host their own social media profile page as a Thing, as in
a decentralized social network. A page’s followUser(...), unfollowUser(...) and likePost(...)
Actions take another page as an input and, besides the page’s own Properties, write the input page’s
followers or likesReceived Property. A goal on one page’s followers is thus reached only through
Actions of other pages.

Smart office. We generated the smart office’s environment file from a public model of an office build-
ing of the IBM campus in Dublin.1 The model is written in Brick, a metadata schema for buildings [19].
Each Thing carries an annotation that locates it in one of the model’s rooms, floors or zones. Of the
file’s 2279 Things, 312 are points of the model: 146 luminance command points (which switch groups
of lights), 63 luminance sensors and 103 occupancy sensors. To each of the model’s 281 rooms, we
added a lamp, a radiator, a temperature sensor, and a contact sensor and an actuator for the door and
for the window. An actuator’s setOpen(...) Action writes the isOpen Property of the contact sensor
it references, and a radiator’s increaseTemperature(...) Action writes the temperature Property
of the temperature sensor in the radiator’s room. The goals resemble those of the smart home, but an
agent must first find the Things a request concerns among thousands. To find them, the agent matches
the room, floor or zone that the request names against each Thing’s annotation.

1https://github.com/BuildSysUniformMetadata/GroundTruth/blob/2e48662/building_instances/IBM_B3.ttl

https://github.com/BuildSysUniformMetadata/GroundTruth/blob/2e48662/building_instances/IBM_B3.ttl


1 { "id": "sh-8", "environment": "smart-home", "level": "DL3",
2 "initialState": {},

3 "request": "Dim my reading lamp to 30 percent.",

4 "goal": [

5 { "thing": "lamp", "property": "brightness", "op": "=", "value": 30 },
6 { "thing": "lamp", "property": "poweredOn", "op": "=", "value": true } ],
7 "optimalPlan": [

8 { "thing": "plug", "action": "toggle", "input": {} },

9 { "thing": "lamp", "action": "setBrightness", "input": { "level": 30 } } ] }

Listing 2: The task record of Alice’s task. Its goal is 𝐺Alice and its optimalPlan the run of Figure 2.

Factory. We based the factory environment on MOSAIK [20], a formal model of self-organizing
smartphone manufacturing systems. The factory models a shopfloor. Its Things are 25 products, ten
workstations and one transporter on a grid of 37× 22 cells, and a shopfloor Thing that holds the 12
blueprints, each naming the inputs from which a workstation produces one product. The transporter’s
move Actions write the position of the product the transporter carries, the pickup(...) Action takes
effect only where the requested product lies, and a workstation’s produce Action takes effect only
once every input of its blueprint lies at the workstation. The factory’s optimal plans can therefore be
long: in one task, carrying a single product to a workstation takes 75 invocations, and producing the
smartphone takes 618.

5.2. Task records

A task is shipped as a JSON record that holds the task’s environment, request and goal, the triple
(𝐸,𝑁,𝐺), together with three labels: an identifier, a difficulty level (Section 5.3) and an optimal plan.
At DL4 and DL5, a record also holds fields that only validation uses (Section 5.4). To run the task and
score an attempt at it, an evaluator needs nothing beyond the record and WoT-Lab. Listing 2 shows
the record of Alice’s task. The environment field names the environment file WoT-Lab instantiates,
and request holds the request 𝑁 . The initialState field lists the Property values in which the
task’s initial state 𝑆0 differs from the environment’s declared initial state. For Alice’s task in Listing 2,
the field is empty. Another smart-home record poses Alice’s request in a state where the lamp is
already powered: its initialState sets the poweredOn Properties of the plug and the lamp to true,
so the setBrightness(level) Action alone reaches the goal. The optimalPlan field lists the Action
invocations of the task’s optimal plan, the shortest run known to us (Section 5.4). From this list, an
evaluator derives the plan’s length ℓ.

The goal field lists the goal predicates of 𝐺, each as an object with the fields thing, property, op and
value. For the Thing 𝑡 that thing names and its Property 𝑝 that property names, the object denotes the
goal predicate that holds in a state 𝑆 iff 𝑆(𝑡.𝑝) compares with value as the operator op demands. The
object in line 5 of Listing 2, for example, denotes the goal predicate ⟨lamp.brightness = 30⟩ of 𝐺Alice.
Our task records restrict a goal predicate to such a test of one Property against a constant, whereas the
goals of our model admit any function 𝑔 : 𝒮 → B as a goal predicate. The operator op is one of eight:
the six comparisons =, ̸=, <, ≤, > and ≥, and two operators for array-valued Properties. The operator
length compares the array’s length with the value, and contains tests whether the value is a member
of the array. The goal of the e-commerce request “Put the laptop in Alice’s cart”, for example, uses both:
the cart’s items array must have length 1 and contain laptop.

Besides the requested change, a goal may list predicates that the initial state already satisfies, such as
one that keeps a company’s spending unchanged. An attempt whose final state violates such a predicate
fails, even when it reaches the requested state.



Table 2
The difficulty levels, each with what it is designed to isolate and one request of the suite. A parenthesis states
the fact about the environment that decides the level.

Level Isolates Example request

DL0 already satisfied: the goal holds initially “Make sure the dryer is not running.” (it is not)
DL1 one Action on one Thing “Set the thermostat to 68 degrees.”
DL2 several independent Actions “Set the thermostat to 68 degrees in heat mode.”
DL3 a chain of Actions across coupled Things “Dim my reading lamp to 30 percent.”
DL4 a choice among alternatives under coupled state “Warehouse C needs 2000 units, but no money may be spent

this month.”
DL5 infeasibility: no run reaches the requested state “Bring Warehouse C to 4000 units.” (its capacity is 3000)
S DL1–DL3 goals over thousands of Things “Switch on all lamps in rooms SOR42_G_01 to SOR42_G_10.”

5.3. Difficulty levels

Every task carries one of the seven difficulty levels of Table 2, each designed to isolate one ability. The
tasks of DL1 to DL4 and S require Actions, and those of DL0 and DL5 require none.

At DL1, a single Action on a single Thing reaches the goal, so the level tests whether an agent
discovers the Thing and invokes the Action with a valid input. At DL2, the goal needs several Actions
that do not depend on one another, so the level tests whether an agent carries out every part of a request,
in any order.

The levels DL3 and DL4 build on the coupling of Things. At DL3, the goal spans coupled Things: an
Action of the task’s optimal plan writes a Property of a different Thing which is named by the goal.
Alice’s task is a DL3 task, because the plug’s toggle() Action writes the lamp’s poweredOn Property,
which her goal names. With the lamp already powered, the same request yields a DL1 task. In general,
a task whose optimal plan contains no such Action is a DL1 task if the plan has one invocation and a
DL2 task if it has several. At DL4, several runs reach the requested state, but the coupling makes some
of them violate another predicate of the goal. We call such a run a distractor run. The DL4 request in
Table 2, for example, is met by ordering stock or by transferring stock from another warehouse, and
only the transfer leaves the company’s spending unchanged. The scale level S applies only to the smart
office and builds on the number of Things instead: its goals resemble those of DL1 to DL3, but the agent
must find the relevant Things among thousands.

DL0 and DL5 share the empty run as their optimal plan but differ in why invoking no Action is
correct: DL0 holds the already-satisfied tasks and DL5 the infeasible tasks. In a DL0 task, the request
describes a state that already holds, so an agent that reads the state finds nothing to do. In a DL5 task,
the request describes a state that no run from the initial state reaches. The state is unreachable for one
of four reasons: a Property’s bound, such as a warehouse’s capacity or a thermostat’s maximum, makes
an Action keep the pre-state; no Action’s effect changes the requested Property in the way asked; the
requested conditions cannot hold together under the effects; or the requested Thing is absent from the
environment. The goal of a DL5 task therefore requires every Property it names to keep its initial value.
The goal of the DL5 request in Table 2, for example, requires Warehouse C to keep its 1200 units.

5.4. Authoring and validation

Every request and every goal was written by hand, against the environment instantiated on the
dashboard. The Property values of each task’s initial state were set through the route POST /_lab/state.
Two parts of the records were too large to write by hand, so a script generated them: the Thing identifiers
in the smart office’s goals and the factory’s optimal plans, which it derived from the blueprints. The
remaining optimal plans we wrote by hand and replayed on the dashboard, which shows whether the
goal holds in every state of the run. Three further fields serve only validation. Every DL4 record holds
a distractor run, such as ordering the missing stock for the DL4 request of Table 2. Every DL5 record
states in prose what makes the requested state unreachable. Two DL5 records, the thermostat request
of the smart home and the warehouse request of Table 2, also hold a naive attempt: the invocation an



agent would most plausibly try, such as an order that would bring Warehouse C to 4000 units.
A replay script validates all 76 records against the environments. For each record, it first resolves

every Thing, Property and Action the record names against the served TDs and tests that every initial
value fits its Property’s schema. It then resets the environment, assigns the task’s initial state and
asserts that every invocation of the optimal plan is answered successfully, that the plan reaches the
goal and that no proper prefix of it does. Three further assertions test the level labels. For every DL4
task, the final state of the distractor run violates at least one goal predicate. For every DL0 and DL5
task, the initial state satisfies the goal. For both DL5 tasks with a naive attempt, invoking it changes no
Property value, so the Action an agent would most plausibly invoke cannot reach the requested state.
All 76 records pass the replay. No assertion tests the labels DL1 to DL3 and S, and none shows that a
plan is the shortest run. We therefore describe an optimal plan as the shortest run known to us.

Availability. WoT-Lab, the six environments, the 76 task records and the replay script are available
in one public repository2 under the AGPL-3.0 licence. The replay script’s goal check reads the final
state of any run and evaluates the task record’s goal on it, so an evaluator scores an attempt without
writing checker code. The release we describe here, version 0.4.1, is archived on Zenodo.3

6. Related Work

In this section, we relate WoT-Lab to four groups of resources: stateful environments for tool-using LM
agents, environments defined by descriptions, benchmarks and datasets in service-oriented computing,
and service descriptions that state behaviour. We compare each group with WoT-Lab by the three roles
that one TD plays at once: the agent fetches it, the environment executes it and the goals are stated
over it.

Stateful environments for tool-using agents. AppWorld [9], 𝜏 -bench [10] and 𝜏2-bench [21]
let an agent operate on simulated apps and databases and score an attempt by its final state, the two
𝜏 -benches also by whether the agent’s replies to the user contain the information the task requires.
AgentDojo [11] adds attacks to such tasks, and Toolathlon [12] and MCP-Bench [13] reach their tools
over MCP. WebArena [22] and OSWorld [23] pose such tasks on websites and desktop applications.
ToolSandbox [24] scores an attempt by the milestones it passes, and TheAgentCompany [25] by the
checkpoints it passes on the self-hosted websites of a simulated software company. Like AppWorld
and the two 𝜏 -benches, WoT-Lab scores an attempt by its final state and resets every attempt to a fixed
initial state. The agents of all these environments, however, reach the operations as function schemas,
as documented APIs that they call from code, as an MCP listing or through a web or desktop interface.
An attempt is scored by code written per task, by a judging model, by comparison with the state that a
reference sequence of calls leads to or by a task record that names scoring functions from a vocabulary
written per domain. A 𝜏2-bench task, for example, names assertion functions of its domain [21], and a
task of the MCP-Universe benchmark [26] chains scoring functions over the agent’s answer or the live
service. In WoT-Lab, the TD an agent fetches carries the effects, and an attempt succeeds if its final
state satisfies the goal’s predicates over the Properties that the TD declares. No task needs scoring code
of its own, no model judges an attempt and no domain needs a vocabulary of scoring functions.

Environments defined by descriptions. Like WoT-Lab, other resources add a service by writing
its description, but they differ from WoT-Lab in who executes the description. ToolEmu [27], ToolAl-
paca [28] and StableToolBench [29] prompt an LM with a tool specification, an OpenAPI document or
the documentation of a public API and let the model write the responses, and StableToolBench does so
only when its cache of recorded responses misses. A service thus costs one document, but the responses
are sampled, a write need not change a later read and a judging model scores the attempt. Asked to
2https://github.com/wintechis/wot-lab
3https://doi.org/10.5281/zenodo.23949010
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simulate a state machine from its rules or even from its code, LMs mispredict many of the transitions
that change the state, and most of those that change several values at once [30, 31]. AgentScaler [32],
EnvScaler [33] and Agent World Model [34] instead derive code from a description: a schema of the
state and a function per tool, which then run deterministically. The running artefact, however, is code
apart from the description, and its faithfulness to the description is tested only afterwards, if at all.
PDDLGym [35] executes a domain in the Planning Domain Definition Language (PDDL) with a generic
interpreter, so a domain costs PDDL files rather than code, but the domain serves a planning agent
in-process, and no service is fetched. In the smart home domain, HomeEnv of SMH-Bench [36] comes
closest to WoT-Lab: it keeps each device’s effects as code strings inside a device record of HomeEnv’s
own schema. However, no running device serves the record, and the code and data of SMH-Bench are
not yet released. WoT-Lab, by contrast, states the effects in the standard TD itself, and the agent fetches
the very TD the environment executes. For a task that changes the home, SMH-Bench, like WoT-Lab,
scores an attempt by its final state, but it requires every device that the request does not concern to
keep its state. A goal of WoT-Lab, by contrast, constrains only the Properties it names, and it states
what must stay true as predicates that the initial state already satisfies.

Benchmarks and datasets in service-oriented computing. The service-oriented computing
community shares datasets on the quality of service of public Web services, such as WS-DREAM [37] and
QWS [38], and microservice systems for studying performance and faults, such as DeathStarBench [39]
and TrainTicket [40]. HSC [41] pairs compositions of machine-learning services with requirements in
natural language and with the optimal composition for each. For LMs, SOCBench-D [42] scores service
discovery by the endpoints a retriever returns from OpenAPI documents, and BIS [43] evaluates one
kind of service, the translation of questions into queries. Compositio Prompto [44] lets an LM compose
OpenAPI services and evaluates the architecture in a case study. These resources measure services,
state the expected composition for a request or score what an LM produces: an endpoint, a query or a
composition. None of them runs stateful services against which a composition is executed and scored
by its final state, and such services are what WoT-Lab adds.

Service descriptions that state behaviour. OWL-S [3] describes a Web service by its inputs,
outputs, preconditions and effects. Planners composed services from such descriptions, for instance
by adapting the logic programming language Golog [4], by hierarchical task network planning with
SHOP2 [5, 45] and by translating the descriptions into PDDL [46, 47]. The Semantic Web Services
Challenge [48] offered these approaches common scenarios, but it certified participants on mediation
and discovery problems and did not score an attempt by the final state of the services.

In the WoT, several approaches likewise describe the behaviour of Things. Korkan et al. [49] annotate
a TD with the sequence of interactions that leads to a state, Salama et al. [50] annotate which Actions
affect which Properties, and Freund et al. [51] annotate preconditions and effects from which a planner
derives the interactions. AEPIS [52] plans over such annotations at run time, repairs its plan when the
environment deviates from it, and compares its planner with a rule-based and an LM agent in an office
building and on the MOSAIK shopfloor. Noura and Gaedke [53] describe devices instead in WoTDL,
an extension of OWL-S of their own, translate its preconditions and effects into PDDL and re-plan
when monitoring detects a failed device or an unmet goal. Like an OWL-S description, each of these
descriptions states the behaviour of a service that is implemented apart from it, whereas in WoT-Lab
the effect specification is the behaviour that the Thing executes. Two approaches derive a running
Thing from a description. Virtual-Thing [54] serves a copy of a TD and answers every Property read
and Action with fresh random values that conform to the TD’s data schemas. Stateful-WoT [55] keeps
state, but it generates a digital twin and its extended TD from a statechart in SCXML. The WoT Use
Cases and Requirements note lists as a gap that “WoT does not define a way to describe the behavior of
a thing to use for a simulation” [16]. WoT-Lab addresses it by executing the effects that the TD itself
states as a context extension, and it adds tasks whose goals are stated over the final state.

Most recently, LMs plan over TDs: LLM-MaGe [56] lets an LM translate a request and the TDs into



PDDL for a classical planner, and Kinder and Käfer [57] let an LM translate a device’s TD into a Python
class and write code that calls it. Executing this code yields the plan, and in an adaptive variant they
copy the device’s Property values into the class after each Action, so the code repairs the plan without
a further LM call. The IoT Whisperer [58] lets an LM turn a natural-language system description into a
Node-RED workflow over WoT devices and compares the generated workflows with manually written
ones. Each of the WoT approaches above was evaluated on its authors’ own setup. Kinder and Käfer
release their setup as a benchmark of 123 planning tasks over the TDs of 29 devices [59, 57], but each
of its tasks concerns a single device. A simulator per device scores a plan by the state it leads to, and
by design such a simulator may hold state that the TD does not describe. In our suite, by contrast, the
tasks at DL3 and DL4 span coupled Things, and the effect specifications are executed by the Things the
agent calls, so the effects an agent plans over cannot diverge from the behaviour it meets.

Across these four groups, WoT-Lab is, to our knowledge, the only resource in which one standard
service description, fetched from the running service, carries the state, the links and the effects, is
executed without code written per service, by hand or by an LM, and declares the Properties over which
the goals are stated.

7. Conclusion

In this paper, we presented WoT-Lab, a framework for reusable and interoperable benchmarks for
service-consuming agents, together with a formal model of its tasks and a suite of environments and
tasks built with it. In WoT-Lab, a service is a Thing whose TD carries an effect specification for each
Action, and the environment executes these specifications directly, so the effects an agent reads cannot
diverge from the behaviour it meets. WoT-Lab serves every Thing over the WoT HTTP binding, so an
agent needs nothing beyond an HTTP client to discover, observe and invoke the services. A task is
authored as a JSON record whose goal is a set of predicates over the final state, so no task needs scoring
code of its own.

The suite comprises 76 tasks in six environments of up to 2279 Things. Its seven difficulty levels
range from a request that the initial state already meets, through chains of Actions across coupled
Things, to a request that no run can meet. Every task carries an optimal plan, and replaying each plan
against its environment shows that it reaches the task’s goal.

The suite has three limitations. First, this paper does not report how agents perform on the suite, so
whether its tasks and levels separate agents is untested. The repository includes a harness with which
an evaluator can run an LM agent on the suite and score its attempts, and our next step is a baseline in
which agents built on several LMs attempt the suite. Second, we compared none of our environments
with a deployed service. In the e-commerce environment, for example, no Action checks an account’s
funds, so a purchase may overdraw the account where a deployed service would typically refuse it.
Third, our task records restrict a goal predicate to testing one Property against a constant. We plan to
admit predicates that relate two Properties and goals that quantify over Things, such as all lamps on
one floor.

Any domain whose Actions the effect specification language can express needs only the files our six
environments needed: a TM and a state file per authored Thing, one environment file and a record per
task. WoT-Lab and the suite are publicly available under the AGPL-3.0 licence, and we invite others to
contribute environments and tasks.

Declaration on Generative AI

During the preparation of this work, the authors used Claude and Grammarly in order to conduct
grammar and spelling checks and to paraphrase and reword. After using these tools/services, the
authors reviewed and edited the content as needed and take full responsibility for the publication’s
content.
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