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Abstract

Large language model (LLM) agents are in-
creasingly applied to financial decision-making
tasks that require interaction with external
tools, including market data retrieval, news
analysis, and trade execution. However, ex-
isting trading systems rely on fragmented and
task-specific APIs, resulting in inconsistent
schemas, complex integration, and limited re-
producibility. We present QFinZero, a unified
trading environment for LLM-based financial
agents. QFinZero standardizes three core capa-
bilities: (i) multi-frequency market and deriva-
tives data access, (ii) structured news and event
retrieval, and (iii) stateful brokerage simulation
with explicit order lifecycle management. All
tools adopt consistent JSON schemas and time-
aligned interfaces, enabling agents to acquire
information and execute trades within a coher-
ent framework. By abstracting financial inter-
action into composable, agent-invokable primi-
tives, QFinZero reduces engineering overhead
and supports reproducible evaluation through
comprehensive logging and deterministic re-
play. We argue that such a standardized trading
environment is essential for scalable research
on LL.M-based financial agents.

1 Introduction

Large language model (LLM) agents are increas-
ingly prevalent in the financial domain, driving
advancements in financial text analysis and reason-
ing (Chen et al., 2021; Xie et al., 2023; Reddy et al.,
2024), trading signal mining (Luo et al., 2026; Shi
et al., 2025), and automated trading (Xiao et al.,
2024; Yu et al., 2025; Xiong et al., 2025; Li et al.,
2025b; YANG et al., 2025; Li et al., 2023; Fan
et al., 2025; Li et al., 2025a). Given the abundance
of benchmarks and architectural designs, trading
agents have emerged as a particularly active area of
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Figure 1: Human-prepared snapshot paradigm vs. au-
tonomous self-directed observation.

research. Table 1 summarizes the scope of recent
trading agent benchmarks. The standard opera-
tional paradigm for these agents typically follows
a three-step sequence: collecting market informa-
tion (e.g., prices and news), reasoning over this
data, and subsequently generating an action (e.g.,
executing a price order).

While the reasoning capabilities of underlying
models have rapidly improved, the reliable evalua-
tion of trading agents remains an open challenge.
One major concern is potential data contamination
in the training corpora of LLMs (Dekoninck et al.,
2024; Balloccu et al., 2024; Ravaut et al., 2024).
To address this, Li et al. (2025a) proposed a “live
benchmark™ approach, employing continuous test-
ing to simulate live markets for fairer evaluation.
A second significant challenge is the reliance on
oversimplified testing environments. Most existing
benchmarks provide agents with pre-constructed
market snapshots that passively summarize prices,
news, and account states. However, real-world trad-
ing systems require agents to actively retrieve het-
erogeneous data, align timestamps across disparate
sources, and manage evolving portfolio states. The
critical decisions of what to query and when to
query are frequently abstracted away. Figure 1 con-
trasts the human-prepared snapshot paradigm with
autonomous, self-directed observation. Recently,
Fan et al. (2025) introduced a novel benchmark
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Table 1: Comparison of existing LLM-based trading agents and benchmarks. Human Feed indicates whether
market data and news are pre-curated and provided to the agent by the system (v") or autonomously retrieved by the

agent itself (x).
Method Market Frequency Modality Data Scale Human Feed
Al-Trader (Fan et al., 2025) US, CN, Crypto Daily / Hourly =~ Text, Price =~ NASDAQ 100 + SSE 50 + 10 crypto; live X
TradingAgents (Xiao et al., 2024) us Daily Text, Price 5 stocks (AAPL, etc.); ~3 mo v
InvestorBench (Li et al., 2025b) US, Crypto Daily Text, Price 7 stocks + 2 crypto + ETF; 10mo v
QuantAgent (Xiong et al., 2025) US, Crypto, Comm. 1h/4h Price, Image 8 instruments; 5K bars/asset; <10yr v
FinMem (Yu et al., 2025) Us Daily Text, Price Individual stocks (TSLA, etc.) v
DeepFund (Li et al., 2025a) US (+sectors) Daily Text, Price 5 stocks + sector exts.; live Q1-Q2 ’25 v
TwinMarket (YANG et al., 2025) CN Daily Text, Price SSES50 (10 indices); 5mo; 1M+ news v

forcing agents to autonomously collect trading in-
formation, which highlighted ongoing deficiencies
in agent tool-calling accuracy and efficiency.

Consequently, these limitations expose several
significant gaps between current trading bench-
marks and real-world market operations:

Limited Data Scope and Frequency: Most frame-
works restrict evaluation to a small subset of top-
tier equities and fail to support derivatives such as
options. Furthermore, they are constrained by low-
frequency trading scenarios; existing frameworks
generally lack support for minute-level data inges-
tion, precluding the evaluation of intraday trading.

Oversimplified Execution Layers: Current bench-
marks largely restrict action spaces to a simplistic
buy/sell/hold triad. They ignore crucial mechanics
like margin requirements and complex operations
such as short selling or options execution. More-
over, they often assume instantaneous order execu-
tion, neglecting conditional or limit orders, creating
a significant divergence from actual trading.

Fragmented Financial Infrastructure: Real mar-
ket data, news feeds, and brokerage APIs inherently
possess heterogeneous schemas and inconsistent
update frequencies. Currently, researchers and de-
velopers must build integration tools to connect
with varying data providers. A unified interface
bridging multiple data sources is urgently needed.

Recent advances in LLM agents have enabled
systems capable of autonomously interacting with
external tools and APIs (Patil et al., 2024; Cai et al.,
2024; Yao et al., 2022; Schick et al., 2023). The pri-
mary advantage of tool utilization is that it grants
agents the ability to dynamically access real-time
information and execute deterministic actions, by-
passing the static constraints and hallucination risks
of their pre-trained weights. A systematic toolchain
is also essential for multi-agent collaboration sce-
narios (Ehtesham et al., 2025; Tran et al., 2025;
Shi et al., 2024). In the domain of trading agents,
rigorous tool integration is an especially important
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technique for both agent design and information
exchange. The reason is twofold: financial envi-
ronments require precise temporal alignment to
prevent look-ahead bias, and agents must adhere
strictly to complex API schemas to execute trades
safely. Fortunately, modern agent design frame-
works, such as LangGraph, have simplified the
development process, offering built-in extensions
to support robust tool calling without the need for
complex foundational coding.

To address the aforementioned gaps in trading
agent design and benchmarking, and motivated by
recent advancements in agent tool utilization, we in-
troduce QFinZero: a unified trading environment
formulated as a reusable agent skill. QFinZero
standardizes agent interaction with multi-frequency
price data, structured news and event streams,
and stateful brokerage simulations through con-
sistent, time-aligned APIs. Instead of passively
receiving static summaries, agents operating within
QFinZero actively query information, coordinate
tools, and execute realistic orders within a coher-
ent environment. By decoupling agent reasoning
from the complexities of financial data engineer-
ing, QFinZero enables reproducible evaluation un-
der both historical replay and simulated streaming
settings. This unified interaction layer provides
a stable foundation for studying tool-use behav-
ior, temporal grounding, and multi-step reasoning
in financial LLM agents, while facilitating more
systematic trading agent development and more re-
liable benchmark construction. Crucially, the same
properties that enable reproducible benchmarking:
deterministic replay, time-aligned state, and veri-
fiable per-step signals, also turn QFinZero into a
ready-to-use training environment for agentic rein-
forcement learning.

2 Data Pipeline and Storage

QFinZero provides a series of local data storage
solutions to help users efficiently manage their fi-
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Figure 2: Financial data providers supply raw market
data including news, earnings calendars, economic re-
leases, and multi-level price data. Users access and
download the data, which is then processed and orga-
nized into the QFinZero database

nancial data assets. Figure 2 illustrates the process
by which users integrate raw financial data into
our system. QFinZero adopts a standardized and
unified management framework to aggregate and
harmonize data from multiple sources, enabling
consistent storage, efficient querying, and interac-
tion between the downstream agents.

2.1 Data Source

Our system is originally designed to integrate with
several commercial data providers. Specifically,
we use the NASDAQ API' for economic calendars
and earnings calendars, MASSIVE Inc?. for price
data, and BENZINGA? for financial news, earnings
calendars, and earnings guidance data. Although
the default configuration relies on these providers,
we design a unified data format and standardized
ingestion pipeline. This allows users to import data
from alternative sources into our storage system
with minimal adaptation, ensuring flexibility and
extensibility of the framework.

2.2 Local Storage

We adopt different storage solutions based on
data characteristics: (1) High-volume news data,
we deploy MongoDB to efficiently handle semi-
structured documents. To reduce database load and
improve query efficiency, we store only essential
fields, including title, related tickers, release time,
source URL, and publisher information. When
available, we also include optional fields such as
significance ratings that indicate the potential im-
pact of the news on specific tickers. (2) Calendar
data (earnings and economic events), which are
naturally organized in tabular format, we use a rela-
tional database (SQLite in our demonstration). We
construct multi-column indexes (e.g., date, coun-
try, ticker) to support efficient composite queries.

"https://www.nasdaq.com/solutions/data
*https://massive.com/
3https://www.benzinga.com/apis/
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(3) Price data: we organize the dataset into two
time scales: minute-level and daily-level. Consid-
ering the large query demand and the append-only
update pattern of price data, we choose Parquet
format and store these data in a partitioned disk-
based file system with indexed access (e.g., parti-
tioned by symbol and year). This design reduces
database overhead and improves sequential read-
ing performance for backtesting and replay-based
evaluation. We provide details of the data schema
in Appendix A.1.

2.3 Data Maintenance

We provide a maintenance tool to synchronize and
update the local storage from the original data
sources. The dataset is designed to support incre-
mental updates and automated data ingestion. The
update frequency depends on the data provider. For
example, MASSIVE stock and option price data
typically have a delay of approximately 15 minutes,
while news and calendar data are updated daily.
Although not designed for ultra-low-latency trad-
ing, this update frequency is sufficient for strategy
backtesting, benchmark construction, and agent
evaluation in our framework.

3 The QFinZero System

QFinZero is a unified and agent-oriented finan-
cial toolchain designed to support the construc-
tion, evaluation, and deployment of intelligent
trading agents. Instead of exposing fragmented
data sources and heterogeneous brokerage APIs,
QFinZero organizes the financial workflow into
three core system components:(1) Unified Price
Query (UPQ), (2) Event Stream Pipeline (ESP),
and (3) Paper Money Broker (PMB). These com-
ponents correspond to the fundamental information
and action flows of a trading agent: market state
observation (prices), event awareness (news and
calendars), and execution interaction (order place-
ment and updates). Each module is implemented
as an independent, callable service with standard-
ized interfaces. This modular design enables flex-
ible composition across backtesting, simulation,
and live-like environments, while minimizing data-
source coupling and implementation overhead.

3.1 Core Components

Unified Price Query (UPQ). Trading agents re-
quire consistent and synchronized access to price
signals across different temporal resolutions and
asset classes. However, real-world financial data
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Figure 3: QFinZero integrates data access (UPQ, ESP) and brokerage execution (PMB) into a unified, agent-callable
toolchain. The Data Query Layer standardizes access to physical storage (MongoDB, Parquet, SQL) through
schema adaptation, time normalization, and data aggregation. The Execute Layer connects to broker APIs or trading
simulator for order management and account operations. All Agents interact with the MCP-based toolchain via
structured tool calls, enabling seamless retrieval of market data, event streams, and portfolio states, as well as
execution of trading actions within a consistent and time-aligned environment.

is typically fragmented by frequency (e.g., daily
vs. intraday) and instrument type (e.g., equities vs.
options). The UPQ module provides a unified price
abstraction layer that supports multi-resolution data
(high-frequency, mid-frequency, and daily) and
multiple asset types. All price streams are exposed
through a standardized API interface, allowing
agents to query or subscribe to structured market
states without handling vendor-specific formatting
or synchronization logic. This design enables seam-
less transitions between historical backtesting and
simulated real-time trading.

Event Stream Pipeline (ESP). Beyond price sig-
nals, trading decisions are strongly influenced by
both real-time information and scheduled market
events. We organize event information along multi-
ple dimensions:
(1) Temporal scope: including ongoing events, re-
cently released information, and future scheduled
events (e.g., earnings announcements or macroeco-
nomic releases);
(2) Market scope: including global macro events,
asset-specific corporate news, and derivative-
related activities;
(3) Information type: including financial news,
earnings reports and guidance, macroeconomic cal-
endars, analyst actions, and option-related signals.
The ESP module aggregates heterogeneous
event streams into a unified and time-aligned
schema. All events are normalized and in-
dexed with temporal, ticker-level, and event-type
tags, allowing agents to retrieve relevant informa-
tion through configurable filters and structured
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queries. This design enables event-driven rea-
soning, cross-source information aggregation, and
forward-looking decision processes aligned with
anticipated market catalysts.

Paper Money Broker (PMB). To close the loop
between perception and action, QFinZero provides
a simulated brokerage layer that supports realistic
trading interactions. PMB maintains order states,
portfolio positions, account balances, and transac-
tion logs under configurable execution rules. It
supports common order types and margin-aware
account dynamics, enabling more realistic evalua-
tion compared to simplified buy/hold/sell abstrac-
tions. This component allows agents to operate in
a controlled yet market-consistent environment for
benchmarking and analysis.

3.2 Agent-Friendly Design

A central design principle of QFinZero is agent
friendliness. Instead of treating LLM agents
as passive consumers of pre-processed datasets,
QFinZero exposes structured, queryable, and
callable interfaces that enable agents to actively
request information, reason over results, and exe-
cute actions within a unified interaction loop. Con-
cretely, we adopts the following design strategies:
Unified schemas. All modules return structured
JSON outputs with consistent field names and ex-
plicit timestamps, reducing parsing ambiguity and
simplifying tool integration.

Composable APIs. Each pipeline is independently
callable, enabling agents to flexibly query data or
execute trades within multi-step reasoning loops.



Time-consistent state abstraction. All data is
aligned to precise timestamps, ensuring coherent
price, event, and portfolio states for reproducible
evaluation. The system supports minute-level mar-
ket data alignment, facilitating more fine-grained
intraday analysis and higher-precision backtesting.
Environment decoupling. The same API layer
supports historical replay, simulated streaming, and
live-like settings without changing agent logic, en-
abling fair comparison across agent designs.

MCP Interface. QFinZero provides an MCP
(Model Context Protocol) (Hou et al., 2025; Ray,
2025) compatible server interface for seamless in-
tegration with modern tool-use frameworks and
agent orchestration protocols, transforming frag-
mented financial infrastructure into a coherent and
extensible toolchain for LLM-based agents.

3.3 Coverage and Scalability

QFinZero supports both cryptos, stock and option
trading under a realistic simulation environment.
Through its unified data layer interface, the system
can be easily extended to additional asset classes,
including equities from different global markets,
provided that compatible data sources are available.
This design ensures broad market coverage without
requiring structural changes to the agent interac-
tion protocol. In addition, QFinZero is built on a
scalable database architecture that allows users to
continuously update and expand the internal knowl-
edge base. New price data, news streams, economic
events, or alternative datasets can be integrated into
the storage layer without modifying the upper-level
agent interface. This modular and extensible de-
sign enables QFinZero to scale with increasing data
volume and market diversity, making it suitable for
both research experimentation and larger-scale de-
ployment scenarios.

4 Evaluation

4.1 Task Setup

We evaluate QFinZero through an instruction-
driven benchmark that focuses on tool correctness
and execution consistency, rather than financial re-
turn. The goal is to measure whether an agent can
(1) select the correct tool, (2) construct valid API
calls with precise parameters, and (3) maintain tem-
porally coherent multi-step execution. We design
two complementary task types:

Tool Calling. Single-step tasks where each instruc-
tion corresponds to one expected API call with
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explicit parameter and constraints.
Task Planning. Multi-step workflows requiring
cross-pipeline coordination (e.g., querying prices,
retrieving events, and placing orders).
Performance for above tasks are measured by:
Tool Match Accuracy (TM), Parameter Accuracy
(PA), and Time Alignment (TA), detailed metric
definitions are provided in Appendix A.3.

4.2 Results

Tables 2 report representative results. In the tool
calling benchmark, frontier models achieve high
tool selection accuracy (TM ~ 0.95+), while pa-
rameter grounding and temporal alignment remain
the primary error sources. Smaller open-weight
models show larger drops in PA, indicating that
argument construction is the main bottleneck.

In multi-step planning, performance gaps narrow
among strong models, suggesting that once tool
interfaces are correctly understood, step-level co-
ordination is relatively stable. However, parameter
precision continues to dominate failure cases. The
evaluation demonstrates that QFinZero provides
a stable and discriminative environment for diag-
nosing tool-use behavior, temporal grounding, and
structured execution reliability in financial agents.

5 Case Study

As QFinZero is designed for agents interacting with
financial environments, Figure 4 presents represen-
tative interaction traces within the system, illus-
trating both single-step tool invocation and multi-
step planning scenarios. We additionally provide
a dashboard that enables human users to visualize
the status of the local database, as well as a play-
ground interface for testing agent interactions with
QFinZero. Detailed descriptions are provided in
Appendix A.4.

Single-Step Tool Calling. In atomic tasks
such as Market Order or Stop-Limit Order,
the agent receives a natural language instruc-
tion and must (1) select the appropriate module
(e.g., PMB.order.place), (2) construct a valid
API request, and (3) populate all required pa-
rameters under correct schema and time con-
straints. For example, in the Market Order case,
the agent correctly maps the instruction to a
PMB.order.place call with action BUY MARKET,
quantity specification, and time-in-force. In the
Dual Calendar Query case, the agent coordinates
two calendar endpoints (ESP. calendar.earnings



Tool Calling Evaluation

Task Planning Evaluation

T PA TA Overall

T PA TA Overall

Model

Gemini 2.5 Flash 0.97 090 0.86
Gemini 2.5 Pro 0.97 0.90 0.86
GPT-4.1 0.92 0.86 0.84
GPT-4.1 Mini 0.90 0.83 0.80
DeepSeek Chat 0.96 0.85 0.83
Qwen2.5 7B Instruct  0.91 0.68 0.76
Llama 3.1 8B Instruct 0.65 0.55 0.67
Qwen3 4B Instruct 093 0.84 0.82

91.00 097 090 0.90 92.33
91.00 097 091 093 93.67
87.33 096 093 0.92 93.67
84.33 0.97 090 0.89 92.00
88.00 097 093 095 95.00
78.33 091 0.84 0.88 87.67
62.33 090 0.78 0.86 84.67
86.33 091 0.86 0.82 86.33

Table 2: Comparison of Tool Calling and Task Planning Evaluation Results. TM, PA, and TA refer to specific metric
categories; Overall score is the arithmetic mean scaled to [0,100].
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$220-$235. Place a limit buy for 2 put contracts at $4.50.

Find Earnings Fetch Prices Query Options

@ @ @ @

NPP.calendar UPQ. stock UPQ.option PMB.order
.daily

Multi-Step
Planning

.earnings .chain_query

v

wrong_

® UPQ — Market Data Queries

qty=100 v

Dual Calendar Query Hard

start=2025-01-01 v

4 Steps

Place Put Order

® NPP — News & Calendar

B stop-Limit Order Hard

Place a stop-limit sell order for 200 shares of TSLA with stop price $240 and limit
price $238. Use DAY time-in-force.

PMB.order.place POST /v1/orders

STOCK TSLA - SELL STOP_LIMIT - qty=200 v
stop_price=240.0 - limit_price=238.0 - tif=DAY
n Session Setup Hard

Create a new daily-frequency backtesting session for acct-xyz789 from Jan 6 to
Jan 31, 2025 with AAPL, MSFT, NVDA.
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K Covered Call Strategy

Get AAPL's daily close on Jan 6, 2025. Check current positions to confirm AAPL holdings.
Query the AAPL call option chain for Feb 2025, strikes $240-$250. Sell 1 covered call
contract at $3.20. Verify the order was submitted.
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Figure 4: Illustration of the QFinZero framework across single-turn tool calling and multi-step planning tasks.

and ESP.calendar.econ) with aligned temporal
ranges. These examples demonstrate that QFinZero
enforces structured tool grounding and temporal
consistency even for seemingly simple instructions.

Multi-Step Planning. More complex tasks
require the agent to compose multiple tools
into a coherent execution chain. In the Earn-
ings Put Protection scenario, the agent se-
quentially: (1) Retrieves the earnings date via
ESP.calendar.earnings, (2) Fetches recent daily
prices using UPQ.stock.daily, (3) Queries the
option chain with UPQ.option.chain_query, (4)
Submits a limit order through PMB. order.place.
These workflows highlight the system’s ability to
maintain cross-step temporal alignment, parameter
consistency, and order state tracking.

73

6 Infrastructure for Live Benchmark and
Agentic RL

The same primitives that enable reproducible evalu-
ation also make QFinZero a suitable infrastructure
layer for two emerging research directions: live
benchmarking of financial agents, and agentic rein-
forcement learning (agentic RL) of tool-using LLM
policies. Static financial benchmarks increasingly
suffer from training-data contamination (Dekon-
inck et al., 2024; Balloccu et al., 2024), motivating
continuously updated, time-anchored evaluation
(Lietal., 2025a; Fan et al., 2025; Kong et al., 2026).
QFinZero directly supports this paradigm: the data
ingestion pipeline (Section 2) can be configured to
roll forward at any cadence, while the time-aligned
data layer enforces an explicit as_of_ts cursor



so that every evaluation episode is anchored to
a single point-in-time view of prices, news, and
events. Deterministic replay then allows the same
live-released window to be re-run across models
and prompt designs with bit-identical environment
state, removing a major source of variance in cur-
rent live-benchmark practice.

Real-world trading imposes stringent reliabil-
ity requirements on tool calls: a malformed order
parameter or misaligned timestamp translates di-
rectly into financial loss. As Section 4, off-the-shelf
LLMs still fail substantially on parameter ground-
ing and temporal alignment under realistic finan-
cial schemas, motivating reinforcement-learning
fine-tuning as a natural path toward production-
grade trading agents. QFinZero is explicitly de-
signed as the environment for this purpose: it
provides the temporal causality, verifiable multi-
granularity rewards, and parallel reproducible roll-
outs required by recent agentic-RL methods such
as ReTool (Feng et al., 2025), Search-R1 (Jin et al.,
2025), and GRPO-style tool-use training (Jiang
et al., 2025; Qian et al., 2026).

7 Conclusion and Future Work

We present QFinZero, a unified and agent-oriented
financial toolchain that integrates price delivery,
event streaming, and stateful brokerage simulation
into a coherent, callable framework. By standardiz-
ing multi-frequency market access, structured event
retrieval, and realistic order lifecycle management,
QFinZero aligns financial infrastructure with the
operational workflow of modern LL.M-based trad-
ing agents. The system decouples agent reasoning
from data engineering complexity, enabling repro-
ducible benchmarking under both historical replay
and simulated streaming settings. QFinZero is re-
leased as an open-source agent skill intended for
research and system development in financial NLP
and tool-using agents or benchmark. While the
framework relies on commercial data providers
and therefore cannot redistribute raw datasets due
to licensing restrictions, its unified schema and in-
gestion pipeline allow integration with alternative
data sources. Additionally, although the current
implementation supports minute-level data, it is
designed primarily for research evaluation rather
than ultra-low-latency production trading. Future
work will focus on improving real-time streaming
integration, expanding data accessibility, and sup-
porting broader multi-agent trading scenarios.
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A Additional Details

A.1 Details in Data Schema

News. News articles are stored as JSON docu-
ments. The schema is summarized in Table 3.
Calendar Calendar events are stored in tabular for-
mat and normalized into a unified schema. Two ma-
jor event types are supported: earnings and macroe-
conomic events. The common structure is summa-
rized in Table 4. For earnings events, the payload
includes structured financial metrics such as ac-
tual and estimated EPS, surprise ratios, and guid-
ance information. For macroeconomic events, the
payload contains reported values (actual, previous,
consensus) together with detailed descriptions.

Field
id

Type

string

Description

Unique identifier
of the article.
Title of the news
article.

Link to the origi-
nal article.
Author of the arti-
cle.

Short summary of
the article.

Image associated
with the article.
Publisher-
provided
words.
Related
symbols.
Publication time
in RFC3339 for-
mat (UTC).
Publisher meta-
data (name, logo,
homepage).
Structured in-
sights related to
the article.

title string

article_url string

author string

description string (opt.)

image_url string (opt.)

keywords array(string) (opt.)
key-
ticker

tickers array(string)

published_utc  string

publisher object

insights array(object) (opt.)

Table 3: News data schema, opt. denotes optional fields.

Price. All price data are provided in bar aggregate
format at both minute and daily frequencies. Each
record contains open, high, low, close (OHLC),
and volume fields. The unified structure allows
agents to seamlessly switch between daily-level
backtesting and minute-level streaming evaluation.
Option Chain. Option data are organized by un-
derlying ticker and expiration date. Each option
record contains two components: (1) Contract
properties: expiry date, strike price, option type
(C/P), option ticker symbol, and underlying asset;
(2) Price aggregates: bar-level OHLCYV data,
consistent with the stock price schema.
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Field Type Description

event_id string Unique identifier of the
event.

event_type  string Event category (e.g., earn-
ings, macro_calendar).

title string Event title.

time_utc string Event timestamp in UTC
(RFC3339).

importance  string Importance level (e.g., high,
medium).

status string Event status (scheduled or
occurred).

tickers array(string)  Related ticker symbols (if
applicable).

country string Country of relevance.

snippet string Short summary of the event
outcome.

payload object Structured event-specific in-
formation.

Table 4: Unified calendar event schema.

A.2 Generation of Test Instruction

To construct the instruction-driven benchmark in
Section 4, we prompt a frontier LLM to role-play
as a financial trader and emit natural-language re-
quests that exercise the QFinZero toolchain. The
prompt template specifies the trader persona, the
available tool families (UPQ, ESP, PMB), and the
target task structure (single-step tool calling or
multi-step planning), together with constraints on
temporal scope, asset universe, and parameter re-
alism. Each generated instruction is paired with a
gold tool-call trace and time constraints used for
automatic scoring, and a stratified sample is man-
ually verified for schema validity and plausibility.
The full prompt templates and generation scripts
are released in the open-source repository.

A.3 Details in Evaluation

We report three core planning metrics, for each
episode, we align predicted calls to each expected
step by selecting the best-matching call (same
tool/action preferred; same family receives par-
tial credit), then average step scores to obtain the
episode score.

TM (Tool Match Accuracy). TM measures
whether the agent selects the correct tool for each
expected step. A step receives 1.0 for an exact
tool-name match; 0.5 if the tool is from the correct
family (UPQ/ESP/PMB) but the wrong action; and
0.0 otherwise. Episode TM is the mean over steps.
PA (Parameter Accuracy). PA evaluates whether
required parameters are present and correct for
the matched call of each expected step. We
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Save
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Could Turn Into 2026 Winners",

"NVDA",

Here are the recent news articles related to NVIDIA from the past day:

Figure 5: QFinZero Playground interface demonstrating an example tool call and its structured JSON response for
summarizing recent NVIDIA-related news within a specified time window.

recursively compare the predicted args against
required_params (supporting nested dict/list
structures). Missing required keys for that field or
wrong values (with partial credit for list overlap via
Jaccard) receive 0 ; numeric values use relative tol-
erance (10~%); and dependency placeholders in the
gold (e.g., {session_id}, <from_step_1>) are ig-
nored (not penalized). Episode PA is the mean
per-step parameter score.
TA (Time Alignment).
time/date arguments satisfy the benchmark
time_constraints. For each expected step,
we extract the constrained time fields (e.g.,
start_date, end_date, start_utc) and compute
a field-wise match using the specified tolerance:
exact (0s), 5min (£5 minutes for intraday), 1day
(£1 calendar day for daily), 2day (£2 days for
loose windows), and 3@min/6@min for horizon-like
constraints. Step TA is the average across its time
fields, and episode TA is the mean over steps.

TA checks whether

A.4 Additional Details in Interaction

We provide a dashboard and an interactive play-
ground to help users visualize internal data assets,
monitor service availability, and test how agents
interact with the system. The dashboard enables
inspection of database status and component health,
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while the playground offers a chatbot-style inter-
face where users can submit arbitrary requests. The
agent then invokes the appropriate tools within
QFinZero to complete the task. This interface al-
lows users to evaluate the function-calling capabili-
ties of LLMs under the QFinZero framework. An
example interaction is shown in Figure 5.

A.5 License

QFinZero is released under the Apache License 2.0.
This license permits free use, modification, and
redistribution of the software for both academic and
commercial purposes, provided that the original
copyright notice and license terms are retained.



