CartTrace-100k: Shopping-Agent Journeys Through
Checkout and Payment, and Where They Fail

Pratham Bhatnagar
General Machines

pratham@generalmachines.ai

Abstract

Al agents can now check out and pay through commerce pro-
tocols such as UCP, ACP, AP2, MPP and WebMCP, yet no
public data shows what happens between a shopper’s request
and a paid order. We release CartTrace-100k: 101,416 jour-
neys by one open-weight agent (Qwen3.8-27B) across 1,044
simulated stores in 25 product categories, five protocol sur-
faces and five payment rails, each against a simulated shop-
per who reveals some needs only when asked. A code-first
judge checks every cart and order against the store’s records
and the payment processor’s ledger; 42,102 journeys end in
a paid order. The agent succeeds on 68.8% of satisfiable
tasks, against 82.2% for a scripted oracle that knows each
task. Journeys are lost before payment, at reading product
facts and at clarifying needs, and almost never at checkout or
payment. Asking is worth the most where needs are hidden
(62.1% against 12.4% success with two needs held back),
yet the agent asks in 63.3% of journeys where nothing is.
Measured within task on checks every protocol can fail, the
protocol changes success little and token cost threefold. We
release the journeys, the judge’s step-level checks, the ora-
cle’s runs and a kit that replays and re-judges any journey.

Data: hf.co/datasets/generalmachines/CartTrace- 100k
Replay kit: github.com/generalmachines/cartTrace- 100k
Explorer: machinecommerce.co/carttrace

1 Introduction

Shopping is moving from the web page to the protocol call.
The Model Context Protocol gives an agent tools [31]; the
Universal Commerce Protocol (UCP) exposes a store’s cat-
alog, cart and checkout [48]; the Agentic Commerce Proto-
col (ACP) delegates checkout [33]; WebMCP lets a page reg-
ister its own tools [50]; and AP2 and MPP carry the pay-
ment [18, 46]. Platforms, payment networks and standards
bodies are building for this because a protocol call is cheaper
and more dependable for an agent than a page built for people.

What an agent does once it reaches a store through these
protocols has not been measured. Shopping benchmarks stop
at a product choice, a cart or a simulated checkout form [14,
27, 35, 44, 49, 52]. Work that does reach a payment protocol
studies attacks on one protocol, AP2 [3, 12, 24, 25], or verifies
protocols formally [19]. Released agent-payment data covers
transfers and API micropayments, not purchases [43, 47]. So
the questions a store, a platform or an agent builder would
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ask first have no public answer: where between a need and a
paid order do journeys fail, does that differ by category and
by what the shopper asks for, and does the protocol matter?

CartTrace-100k answers them on 101,416 journeys. Each
runs in a sandbox that serves one of 1,044 stand-in stores,
built from open product catalogs in 25 categories and served
under one of nine e-commerce platforms’ rules, through one
of five protocol surfaces and, when the task allows, one of
five payment rails. A simulated shopper holds a hidden spec-
ification and keeps some needs back until the agent asks. A
judge checks the outcome against the store’s records and the
payment processor’s ledger, and answers 85 typed questions
about the steps; code settles most of them, and every check
records what settled it (Figure 1a). One open-weight agent,
Qwen3.8-27B, runs every journey, and a scripted oracle that
knows each task runs a tenth of them on the same worlds.

Holding the agent fixed is a choice with a cost. It lets ev-
ery contrast in the paper (between stores, categories, intents
and protocols) be read as a difference in the environment the
agent met, and it bought one large, uniform corpus for 971
H100 hours. It also means the levels belong to Qwen3.8-27B:
another agent would score differently, and we do not know
which contrasts would hold. The replay kit runs any other
agent through the same worlds under the same judge (Sec-
tion 8).

We report six findings (Section 5).

* Journeys fail before payment. Most lost journeys fail at
reading product facts or at clarifying needs; under one per-
cent fail at building the cart, checking out or paying (Fig-
ure 1b).

* A question is worth something only where a need is
hidden. Within task, asking about a held-back need adds
+11.9 points of success; where nothing is held back it adds
+1.2, yet the agent asks there in 63.3% of journeys.

The agent gives up on tasks the store can serve, in 7.9%
of satisfiable journeys and 27.4% when a substitute would
do.

¢ What is asked for matters more than the category. Suc-
cess varies by 11.0 points across categories and by 36.3
across intents within a category.

Protocols change cost more than success. With the task
fixed and on checks every protocol can fail, the clear effects
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Figure 1. (a) A CartTrace journey. A task fixes what the shopper needs and which needs it keeps back. The agent works the store through one
protocol surface and, when allowed, pays through one rail after the shopper approves the total. The judge reads the finished trace and never
calls the store. (b) The share of Qwen3.8-27B’s paying full-data journeys whose checks at each of the judge’s ten stages score below one half.
Journeys are lost at reading product facts and at clarifying the shopper’s needs, not at checkout or payment.

on the odds of success lie between 0.82 and 1.17, while
median prompt tokens differ threefold between surfaces at
the same success.

* Weak stores are weak at the first search. The bottom
quarter of stores differ from the top mainly in how often
the first search finds a fitting product, and their journeys
end in give-ups more than in wrong purchases.

Contributions. (1) CartTrace-100k, the first public set of
shopping-agent journeys that check out and pay through sev-
eral commerce protocols, with the judge’s step-level checks
on every journey and an oracle’s journeys on the same tasks.
(2) The sandbox, task generator and judge, locked under one
specification so that every number here regenerates from the
released rows. (3) The findings above, with intervals that re-
sample whole stores and protocol comparisons made within
task.

2 Related work

Shopping agents. WebShop [52] and 7-bench [5, 53] set the
pattern this work follows: a simulated user holds the goal, the
agent acts through tools, and the outcome is read from final
state. Commerce benchmarks have since widened the cata-
log [49], moved to live sites [21, 27], spread a task across
several shops [35], and hidden the user’s requirements be-
hind clarification [14, 40]. Two results anticipate ours: unver-
ified product attributes are a leading cause of failure [54], and
agents do poorly at drawing out what a user wants [39]. Com-
paring agent interfaces to the same shops, structured inter-
faces such as MCP beat HTML [44], and a payment provider
reports that WebMCP cut tokens and tool calls on its own
checkout [45]. None of these runs journeys through checkout
and payment on more than one commerce protocol (Table 1).

Agents in markets and on the agent web. Studies of what
buying agents choose find position and description effects that
sellers can exploit [2, 8], and simulated marketplaces study
agents on both sides of a trade [4, 15]. A large live study finds

that sites agents can read are recommended more often [16],
and a merchant-side census finds many stores unreadable to
declared agents before any checkout [11]; both argue, as Lu
et al. [26] do, that the web should be built for agents. We
measure the step those studies stop before: the transaction.

Payments. Security work runs agents through AP2’s refer-
ence flows to show that a signed cart can still be one the user
did not want [3, 12, 24, 25]; formal models cover AP2, ACP,
MPP and x402 [19]; and released payment data covers autho-
risations and micropayments rather than purchases [43, 47].
We run no attacks; our payment faults are designed failures
(a declined card, a failed 3-D Secure check), and our question
is whether ordinary journeys reach a right, paid order.

Simulated users and judges. Simulated users scale a bench-
mark but can behave unlike people [13, 32, 36]; simulated cus-
tomers in particular rarely walk away [6]. Our shopper’s facts
are fixed by rules from the hidden specification, and a model
only words them. LLM judges carry position, verbosity and
self-preference biases [34, 42, 55] and need validating on la-
belled trajectories [28, 51]. Judges can accept confident ver-
dicts and escalate the rest with guarantees [20]; decision mod-
els do this in one pass over a fixed answer set [23], with known
sensitivity to wording and negation [38, 41]. We let code
settle what state can show and keep model-read checks out
of every headline number. We follow the agentic-benchmark
checklist [56], cluster intervals by store [30], and document
the release as a datasheet [17] in Croissant [1].

3 The environment

Everything runs offline: no journey touches a live store, noth-
ing is bought anywhere, and no card number appears in any
trace. A journey has three parts: a sandbox that serves a store
and a payment rail, a task with a simulated shopper, and a
judge that reads the finished trace (Section 4). Appendix A
defines the terms used below.



Table 1. Where agent shopping and payment studies end. Ends at: the furthest point a journey reaches. Categories: whether results are
compared across product categories (—: no such comparison in our reading).

Work Ends at Commerce protocols Categories
WebMall [35] checkout form none

DeepShop [27] product choice none 5
EComAgentBench [14] product choice none -

Agent interfaces [44] checkout form MCP, NLWeb -

Agentic Commerce World [15]  transaction state  own protocol -

AP2 attacks [24, 25] signed mandate ~ AP2 -

CartTrace-100k paid order

UCP, ACP, WebMCP, AP2, MPP 25

Stores. A stand-in store takes a category, a market and a
shape from a real store and serves products from open cat-
alogs: Amazon Berkeley Objects [10], WANDS [7] and the
Lazada listings of ShoppingBench [49], sorted into 25 cate-
gories. Prices and stock are synthetic, in US dollars. No prod-
uct, price, reply or identity of areal store is in the release. Real
stores do not all implement a protocol the same way, so each
stand-in runs under a platform pack that reproduces one plat-
form’s rules (search, discount stacking, shipping choice, re-
fused cart lines, MCP handshake): Shopify, WooCommerce,
a Magento-like pack, BigCommerce, Medusa, Saleor, Ven-
dure, PrestaShop and a plain dialect.

Protocols and payment. Specification files are vendored
and pinned. A journey reaches its store through one of five
surfaces: UCP over MCP, UCP over REST, WebMCP (tools
registered by the store’s pages in a real Chromium), ACP over
REST, or AP2 (intent, cart and payment mandates). A pay-
ing journey uses one of five rails: a UCP payment proces-
sor, Shop Pay, ACP delegated payment, AP2 mandates, or
MPP (an HTTP 402 challenge the wallet answers). The shop-
per approves the payment where the protocol asks the buyer,
and a paying call succeeds only with a token issued after the
shopper approved the current total. Every rail settles through
a payment-processor simulator. Surfaces and rails form 13
cells: ten that pay and three cart-only.

Tasks and the shopper. Every journey has a hidden speci-
fication the agent never sees: predicates over the store’s own
product data (a product kind, a brand, an option, a budget, a
quantity, a fit, an allergen, a superlative). Each predicate is
stated in the opening message, kept until the agent asks about
it, or left to a default. The generator computes which variants
satisfy every predicate, so a cart is checked by membership;
a task with no satisfying variant is impossible, and refusing
is its right end. Tasks come from ten intents (discover, com-
pare, specify, substitute, bundle, gift, replenish, express, bud-
get, policy; Appendix D) and 30 personas that set how much
a buyer volunteers, the budget margin and the delivery pref-
erence. The shopper is a program: rules decide every fact
of a reply, a model words it in the persona’s voice, and code
checks the words. It reveals a detail only when asked, never
invents one, and consents to pay only the total it was shown.

Full data and designed failures. Most journeys are full data:
a satisfiable task and a persona built to pay, half stopping at a
verified cart and half going on to pay. The rest are designed
failures, scored separately: impossible tasks, payment faults
(a declined card, a failed 3-D Secure check, no usable in-
strument) and checkout faults forced at completion (a reprice,
stock gone, an unshippable address).

Agents. Qwen3.8-27B [37], served by VLLM [22], is the
agent under test, with one system prompt for every journey
(Appendix E). A scripted oracle that reads the hidden speci-
fication runs on a tenth of the tasks, on the same world, task,
seed and cell. It bounds what the world and the labels allow;
it is not a second model under test.

The run. Stores, packs, prompt and sandbox code sit under
one lock whose digest, v1s-9706931d3{3d, every journey car-
ries. The run went from 2026-10-17 to 2026-10-22 in one
pass on 8 H100 GPUs (971 GPU hours, 29.9 billion tokens
read and written). Journeys hit by a system error were quar-
antined and rerun under the same id. Table 2 summarises the
corpus and Appendix F gives the full accounting.

4 The judge

The judge (judge-1.0) reads a finished journey and never calls
the store, so a journey always gets the same verdict and anyone
can re-judge it from the released data.

The outcome is settled by code. Code checks the final cart,
order or refusal against the hidden specification, predicate by
predicate, and classes the journey as right, right by luck (a
need the agent never learned happened to hold), wrong on
a hidden need, wrong, a correct refusal, a wrong refusal, or
no answer. Whether an order was paid, and for how much,
is read from the payment processor’s record, never from the
agent’s words. The released labels (labels 1.1) then hold ev-
ery verdict to the store’s own transaction record: a journey
rated right whose record disagrees (the cart was never shown
to be right, the checkout was left open, the paid order was not
the right one) or that carries a safety finding is published as
wrong, with the reason. This affects 14,888 journeys. Suc-
cess is right, right by luck or a correct refusal after that cor-
rection. Grounded success drops right-by-luck and requires
every claim the agent made to be backed by what it saw. A
gate voids the 8 journeys that the harness, not the store or the



Table 2. The corpus. Success is a right cart or order, or a correct refusal; the interval resamples whole stores (95%). The two agents are never

pooled, and designed failures are scored apart from full-data journeys.

Qwen3.8-27B Oracle

Journeys released / judged valid 101,416/ 101,408 10,132 /10,125
full data (stop at cart/ go on to pay) 97,432 (48,625 / 48,807) 9,732
designed failures (payment / checkout / impossible) 2,006 /947 /1,023

Stores / categories / tasks / personas 1,044 /25 /28,985 /30

Surfaces / rails / cells / platform packs 5/5/13/9

Success, full data (%) 68.8 [68.2, 69.3] 82.2
stop at cart / go on to pay 73.4/64.2

Grounded success, full data (%) 65.7 76.6

Paid orders 42,102

agent, decided.

The steps are typed questions. Beyond the outcome, the
judge asks 85 typed questions per journey in ten stages,
from understanding the request to reporting the result (Ap-
pendix B). Code answers 71 of them from recorded state.
A decision model, Cloudflare’s Clef [9], reads the other 14.
Each question has a fixed answer set and a safe default, and
sees only an evidence slice holding the parts of the journey it
names (the store’s replies for a product fact, the agent’s mes-
sages for a claim, the shopper’s words for a need), never the
outcome or the answer key. The two stages where journeys
fail, reading product facts and clarifying, are settled by code
in 99.8% and 72.4% of steps.

What is validated. One model-read question counts towards
results: whether the agent’s account of its last payment
matches the processor’s record. It passed a gate of 100 hu-
man labels at 90% agreement and matched the processor on
100.0% of 41,940 paid attempts. Every other model-read
question runs in shadow, recorded and never counted, so no
headline number rests on a model’s reading. Clef shares its
backbone with the agent, which is a further reason to keep it
in shadow until human-label rounds promote each question

type.

5 Results

All results are on Qwen3.8-27B’s 97,432 full-data journeys,
judged valid, with designed failures scored apart. Intervals
resample whole stores. Qwen3.8-27B succeeds on 68.8%
[68.2, 69.3] and its grounded success is 65.7%. The oracle
succeeds on 82.2% of its full-data journeys under the same
labels; on the 11,413 Qwen3.8-27B journeys that share a task,
cell and persona with an oracle journey, the oracle succeeds
on 82.6% and Qwen3.8-27B on 68.8%. The oracle falls short
of 100% where the transaction record cannot certify a right
answer (Section 5.7), so 82.2% is the ceiling the labels allow,
not evidence of broken tasks.

5.1 Journeys fail before payment

Figure 1b gives, for each of the judge’s ten stages, the share of
paying journeys whose checks at that stage score below one
half. Two stages carry the loss: reading product facts (37.3%)

and clarifying the shopper’s needs (29.0%). Building the cart,
checking out and paying each fail in under one percent, on
every protocol. The checks behind the first two are concrete:
the agent carts straight from search results without opening a
product page in 37.6% of journeys, and hands over the cart
without reading it back in 50.7%.

Paying is safe but costly. Qwen3.8-27B placed 42,102 paid
orders. Across all designed failures that fired, the designed
stop held in 99.7% (1,999 of 2,005); the agent paid when it
should not have in 6 of 3,572; its final message reported what
happened truthfully in 99.3%; and no impossible task was
ever paid. A paying journey takes 54 turns against 23 for one
that stops at the cart, and 2.5 times the prompt tokens; 68%
of its tokens come after checkout opens.

5.2 A question is worth something only where a need is
hidden

The task decides how many needs the shopper keeps back;
the agent decides whether to ask. Splitting success by both is
the one place the design makes the value of a question visi-
ble (Figure 2). With two needs kept back, journeys where the
agent asked succeed 62.1% of the time and journeys where it
did not, 12.4%. With nothing kept back, asking goes with
slightly lower success, yet Qwen3.8-27B asks in 63.3% of
those journeys, and asks again for a need the shopper already
stated in 40.9% of journeys where that check applies. Raw
rates mix tasks, so we also compare runs of the same task
with and without a question about the kept-back need: asking
adds +11.9 points (+10.2 to +13.7, 2,645 tasks) where a need
is kept back and +1.2 points (-0.2 to +2.7) where none is. The
fix is targeting, not frequency.

5.3 The agent gives up on tasks the store can serve

7.9% of satisfiable journeys end with the agent refusing, and
every such refusal is a give-up; on substitute tasks, where the
named product is out of stock and a similar one would do, the
rate is 27.4%. On the 1,023 impossible tasks Qwen3.8-27B
refuses correctly in 77.4%, so only 9.4% of all its refusals are
right. Failure is visible early: a gradient-boosted model given
ajourney’s first twelve actions predicts failure with AUC 0.73
on stores it has not seen.
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Figure 2. Success by how many needs the shopper keeps until asked,
and whether the agent asked.

5.4 What is asked for matters more than the category

Success by category runs from 63.9% (books & stationery)
to 74.9% (jewelry & watches), a spread of 11.0 points (Fig-
ure 3). Under a store-clustered test with Holm correction, 2
categories sit below the mean category and none above. False
refusals vary more than success, by a factor of 3.0 (4.3% to
13.1%), so much of what makes a category hard is the agent
giving up in it.

The intent within a category matters more (Figure 4). The
average spread across intents inside a category is 36.3 points,
against 29.4 across categories inside an intent. Two intents
form the hard corner of every category: substitute (52.3%)
and discover, a need without a product name (55.6%), against
69.6% for express. Of the 18 category—intent cells below
50%, 10 are substitute and 6 discover; the lowest is discover in
books & stationery at 9.6%. The grid is not additive: 29 cells
sit more than ten points from what a category effect plus an
intent effect predicts. On substitute tasks, 57.4% of failures
are the agent giving up early.

5.5 Protocols change cost more than success

Raw success spans 60.8% to 72.2% across the ten paying
cells, but raw rates mix the protocol with whichever tasks
landed on it. We therefore fit a conditional logit with task
fixed effects [29] on paying tasks whose outcome varies
across cells (Figure 5). Against UCP over MCP with the UCP
processor, ACP with delegated payment multiplies the odds
of success by 1.17 [1.01, 1.36] and WebMCP with the UCP
processor by 1.14 [1.01, 1.28]; MPP lowers them (0.82 [0.72,
0.92] over MCP, 0.85 over REST); the Shop Pay cells are too
few to separate from one. AP2 mandates appear to multiply
the odds by 3.12, but that edge is the judge’s: AP2’s final
checkout reply lists no shipping options, so the fulfilment and
deadline checks never apply there. On an outcome restricted
to the checks every cell can fail, the AP2 odds ratio is 0.95
[0.83, 1.10]. Among cart-only journeys the surface barely
matters (UCP over REST 1.03 [0.94, 1.13] against UCP over
MCP).

The traces suggest why WebMCP and MPP move: a
WebMCP page exposes one cart the agent edits in place, while

MPP adds a payment challenge the agent must answer. Cost
does not follow the odds (Figure 6): WebMCP cart journeys
use a median 50k prompt tokens against 157k over MCP for
the same success, and the MPP cells use the most tokens for
the lowest odds. Platform packs change little: success runs
from 66.0% to 70.6% across the nine.

5.6 Weak stores are weak at the first search

The design factors explain 7.5% of the variance in success,
the store 1.9%, and the task within its store 52.4%; the rest
is chance. Of 24,549 tasks run at least three times, 29.3%
both succeed and fail. The store’s share is small per journey
because success is binary and the stand-ins differ in shape and
platform rules rather than in the quality of data a merchant
chooses to publish; across stores the spread is still wide, from
54.2% at the fifth-percentile store to 82.3% at the ninety-fifth
(Figure 7). No store is named or ranked.

What the bottom quarter of stores share is a first search that
misses: a fitting product in the first results in 80.9% of jour-
neys against 85.3% in the top quarter, and searches returning
nothing 12.3% of the time against 7.5%. Tool errors, latency
and whether the store carries the decisive detail do not differ,
and no platform pack holds more than 16.5% of the bottom
quarter. On those stores the agent mostly stops rather than
buys wrong: false refusals run 11.2% against 4.6%, journeys
with no cart 5.8% against 2.3%, and checkouts left open 9.7%
against 4.3%, while paying for the wrong item moves less
(16.3% against 10.1%). This comparison is observational; we
have not yet changed a store’s search and rerun its tasks.

5.7 What the data found wrong with the instrument

Right by the judge, wrong by the record. judge-1.0 rated
14,888 released journeys right whose transaction record dis-
agreed; the release publishes them as wrong, with the reason
(Section 4). The oracle falls under the same rule on 1,729 of
its 9,732 full-data journeys, which is why its success is 82.2%
and not 100%.

Tools that do not exist. In 38 journeys the agent called a tool
that no surface defines, most often a way to ask the shopper.

A detector that cannot read a negation. The code check
that flags a purchase claim on a journey with no order fires on
“no order was placed”; the decision model disagreed in 99.8%
of 1,870 firings. The check is marked broken and left out of
the recommended score.

6 What a store can do

The findings point at four things a store controls. Each was
measured here on stand-ins and can be measured on a real
store with the same tasks and judge; the store comparison
above is observational, and the next step is to change one lever
and rerun.
* Answer the first query. The bottom quarter of stores dif-
fer from the top in how often the first search finds a fitting
product and how often it returns nothing (Section 5.6).
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Figure 3. The 25 categories sorted by success. Top: success with store-resampled 95% intervals, and grounded success. Bottom: the share
of journeys ending in a false refusal, and in any give-up (false refusals included). Appendix C gives every number.

* Put the decisive facts where the agent reads first. The
agent carts from search results without opening a product
in 37.6% of journeys, so options, stock and the deciding
detail belong in the search result itself.

* Serve substitutes and discovery. They are the hard corner
of every category (Section 5.4): in-stock alternatives for a
named product, and facets an agent can walk.

* Choose a protocol for what its checkout returns and
what it costs, not for its name (Section 5.5).

7 Limitations

One agent. One model agent ran, so the levels are Qwen3.8-
27B’s, and we cannot say which contrasts hold for other
agents. The replay kit runs any agent through the same worlds
and judge.

Stand-in stores, not live ones. Nothing may be bought on a
real store, so the stores are stand-ins built from open catalogs
with synthetic prices and stock, and the release scores no real
store. The sandbox also removes what makes live checkout
hard: bot walls, logins, page changes and stores that are un-
readable to agents to begin with [11]. Our near-zero checkout
failure is a property of protocol calls in a sandbox, not a claim
about the live web.

A programmed shopper. The shopper’s replies are nar-
rower than a person’s, and it is built to pay: it never walks
away, which simulated customers are known to overstate [6].

The judge. Outcomes rest on code and on the transaction
record. Model-read checks are shadow annotations from a

decision model that shares the agent’s backbone; hand checks
were labelled by study agents, and human-label rounds come
before any question type is promoted. All numbers come
from one judge version and one locked specification.

8 Release and intended use

CartTrace-100k is on Hugging Face as Parquet tables per jour-
ney: messages, episodes, turns, tool calls, wire exchanges,
cart and checkout states, the sandbox’s event log, the agent’s
prompt and tool definitions, the judge’s checks step by step
with what settled each, the oracle’s journeys, a profile card
per category, and a table that describes each stand-in store
without scoring it. Splits hold out whole stores, task fami-
lies and tasks. Store identities are pseudonyms; a leak scan
over every string blocks the build on any secret, internal host,
personal name or real store domain, and no trace of a real
store ships. The replay kit rebuilds the sandbox and re-judges
any journey. The dataset card states the licence of the data
and of each source catalog, and the release carries a Crois-
sant record [1].

The data is meant for studying and improving shopping
agents and the stores and protocols they use: failure analysis,
judge and verifier research, and training or evaluating agents
on held-out stores. It is not a ranking of real merchants, plat-
forms or protocol vendors, and its success rates should not be
read as rates on the live web.



Success (%) by category and intent, rows and columns sorted by their mean

books stationery 70 76 70 60 71
general merchandise 52 62 63 66 59 61
arts crafts music 50 54 51 51 65 71 59
computers accessories 63 72 64 63 66
consumer electronics 57 69 70 _ 63 90
clothing adult 63 61 64 61 70 69
non prescription health 62 65 63 64 60 74
personal care 53 62 69 69 66 _ 70 80
tools hardware 48 61 66 67 69 69
pet supplies 57 65 56 64 60 61 66
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Figure 4. Success by category and intent, for cells with at least 50 journeys. Rows and columns are sorted by their mean, so the hard corner
is top left.
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Table 3. The judge’s ten stages on Qwen3.8-27B full-data journeys:
questions in the stage, the share of applicable steps settled by code
and by the decision model, and the share of journeys whose counted
checks at the stage score below one half, for journeys that stop at the
cart and journeys that pay.

Stage (%) Qs Code Model Fail cart Fail pay
understand 5 727 259 0.0 0.1
discover 9 852 14.7 0.3 0.3
read facts 8 99.8 0.2 37.8 373
clarify 5 724 255 28.8 29.0
choose variant 10 80.3 18.8 8.0 8.0
build cart 7 100.0 0.0 0.2 0.1
check out 13 920 8.0 0.0 0.0
pay 7 750 249 - 0.0
confirm 6 873 124 15.7 4.7
report 13 622 360 0.0 0.6
A Glossary

Stand-in store A sandbox store with a real store’s category,
market and shape, serving open-catalog products.

Platform pack The rules of one e-commerce platform
(search, discounts, shipping, refused lines, MCP handshake)
under which a stand-in serves its products.

Surface How the agent reaches the store: UCP over MCP,
UCP over REST, WebMCP, ACP over REST, or AP2.

Rail How a paying journey pays: UCP processor, Shop Pay,
ACP delegated payment, AP2 mandates, or MPP.

Cell One surface-rail pair, or a surface alone for cart-only
journeys; 13 in all.

Hidden specification The predicates a right cart must sat-
isfy; each is stated, kept until asked, or defaulted.

Full data A satisfiable task with a persona built to pay. All
headline results use full-data journeys.

Designed failure An impossible task, a payment fault or a
checkout fault, scored apart from full data.

Success A right cart or order (including right by luck) or a
correct refusal, after each verdict is held to the store’s trans-
action record (labels 1.1).

Grounded success Success without right-by-luck, and with
every claim the agent made backed by what it saw.

Oracle A scripted agent that reads the hidden specification;
the ceiling of what world and labels allow.

B The judge’s ten stages

Table 3 gives each stage’s question count, who settles its steps,
and the share of journeys failing it, separately for journeys that
stop at the cart and journeys that pay.

C Every category

Table 4 gives every number behind Figure 3.

D Intents

Discover a need without a product name. Compare two or
more candidates. Specify an exact variant. Substitute the
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Table 4. Every category, Qwen3.8-27B full-data journeys, sorted by success. Intervals resample whole stores (95%). Give-ups include false

refusals. Turns and tokens are medians per journey.

Category Journeys Stores  Success (%) Grounded False ref. Give-up Turns  Tokens
Jewelry & watches 3,879 41 74.91[72.8,77.0] 71.3 6.2 8.4 41 230,461
Sports & fitness 3,872 42 73.6[71.3,75.7] 71.1 7.8 9.3 37 184,265
Home decor & textiles 3,901 42 73.1[70.7,75.3] 69.0 43 7.1 37 198,989
Kitchen & dining 3,909 42 72.6[69.9,75.2] 69.0 6.8 9.6 37 188,271
Furniture 3,958 42 72.3[70.0,74.3] 68.9 59 8.9 39 206,260
Garden & outdoor 3,870 41 70.71[68.2,72.9] 68.1 8.9 11.0 38 201,196
Haircare & fragrance 3,949 43 70.4[67.8,73.1] 67.7 4.6 7.5 38 206,658
Gifts & collectibles 3,927 42 70.3[68.0, 72.5] 67.4 6.6 9.1 38 204212
Bags & accessories 3,933 43 69.7[67.4,72.0] 65.9 5.9 8.9 40 225,620
Automotive parts 3,873 42 69.41[67.1,71.6] 67.1 8.2 10.1 36 168,426
Baby & kids 3,873 43 68.9[66.5,71.2] 66.9 13.1 15.1 38 206,506
Pet supplies 3,918 41  68.6[66.3,70.9] 65.3 10.9 13.1 36 185,924
Skincare & makeup 3,912 41  68.5[65.6,71.4] 66.1 6.0 8.1 38 194,456
Tools & hardware 3,877 41  67.91[65.9,69.9] 66.0 9.1 12.6 38 178,122
Footwear 3,855 41  67.8[65.8,69.9] 62.6 55 10.0 42 266,573
Food (non-alcoholic) 3,916 41 67.6[65.6,69.7] 65.4 4.3 7.6 38 179,927
Toys & games 3,907 41 67.6[65.2,69.9] 63.8 7.6 9.9 39 224,016
Computers & accessories 3,869 41 66.9 [64.2, 69.5] 64.8 11.8 14.2 37 196,222
Non-prescription health 3,882 42 66.7[64.4,68.7] 63.4 6.4 10.0 38 196,505
Personal care 3,938 42 66.3[64.0, 68.6] 63.3 6.4 10.0 37 185,089
Arts, crafts & music 3,896 42 66.2[63.5,68.7] 63.2 12.3 15.1 39 188,431
General merchandise 3,860 41 65.5[62.8,68.1] 62.8 74 12.0 40 184,475
Adult clothing 3,884 42 65.2[62.2,68.1] 60.8 8.7 12.8 42 259,902
Consumer electronics 3,867 44 64.6[61.6,67.7] 61.2 12.1 16.4 40 210,809
Books & stationery 3,907 41  63.9[60.8, 67.3] 61.5 9.7 14.0 39 183,304

named product is out of stock and a similar one will do. Bun-
dle several items in one order. Gift for someone else. Re-
plenish a repeat purchase. Express fast delivery. Budget a
hard price ceiling. Policy a question about returns, shipping
or terms before buying.

E The agent’s instructions

Every journey uses one system prompt. Its rules: read can-
didates before choosing; ask one question at a time, and only
when a real choice is open; enter at checkout only what the
shopper gave; say what is in the order before the wallet step;
never retry a declined payment unless asked. The full prompt
and tool definitions ship with every journey in the release.

F Reproducibility and accounting

The official run produced 111,749 bundles. Release vl ex-
cludes 1,145 (quarantined reruns, duplicates and rows of
other models) and publishes 101,416 Qwen3.8-27B journeys
and 10,132 oracle journeys. 8 H100 GPUs served the agent
for the 121 hours of the run (971 GPU hours); summed model-
call latency over the released journeys is 5,355 hours because
calls overlapped. The judge ran on every bundle, and its
gate passed 101,408 Qwen3.8-27B journeys, the denomina-
tor throughout. The shopper’s fallback reply is blamed for
6.2% of judged journeys and the harness for none.

G An example journey

Table 5 shows a paid journey from the release (arts, crafts &
music; intent express; AP2 mandates), abridged to messages
and tool calls. Store and order identifiers are the release’s
pseudonyms.

Table 5. An example paid journey from the release (episode ep-
8df908fb65e4), abridged to messages and tool calls.

shopper

search__catalog
get_ product
agent

send__intent_ mandate
create checkout

agent

wallet

shopper

create checkout mandate
issue__payment__credential

complete__checkout

agent

I need a ukulele and I'm in a hurry. Any
good one will do. I’d rather collect it in
store.

“ukulele” — 4 products

— product details

I found the store’s only ukulele: a
4-string mini ukulele, $27.99, in stock
and available for in-store pickup. Since
you said any good one would do, I'll set
that up.

constraints — 1 product

intent mandate, items, shipping option
— incomplete; again with payer email
— ok

The checkout is ready: 1 mini ukulele
(light brown), $27.99 + $2.24 tax =
$30.23, free in-store pickup at the store
counter. Please review and approve in
the wallet.

Sign on your device: pay $30.23.
Confirm?

Yes, go ahead and place the order for
$30.23.

— signed

— ok

— success; get_ checkout__status —
success

Order placed: 1 mini ukulele (light
brown, 4-string), total $30.23 including
tax. Payment succeeded. It’s ready for
in-store pickup at the store counter.
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