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Abstract

FinMMEval 2026 Task 3 evaluates financial decision-making agents in a live endpoint-based setting. Participating
teams deployed public HTTP endpoints that received daily market payloads and returned BUY, HOLD, or SELL
decisions for BTC and TSLA. Unlike static question-answering benchmarks, this task evaluates trading decisions
produced by complete agent services under repeated daily calls; endpoint reachability and response validity
are deployment constraints of the protocol. For each accepted endpoint, the official ranking averages the BTC
and TSLA cumulative returns, each computed from a long/flat/short portfolio simulation with an initial balance
of 100,000. Within the official scoring window, simulated returns differed sharply by asset: Infraglyph led the
cross-asset mean CR, Fin-Analyst achieved the highest TSLA return, and NLP-DE achieved the highest BTC return.
This divergence shows why a multi-asset evaluation should report both aggregate and asset-level results.
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1. Introduction

Task 3 evaluates whether deployed agents can convert price history, momentum features, news, and
filing-derived context into daily positions scored against subsequent market prices under the official
portfolio simulation. The protocol scores the admissible market action rather than the surface form of a
generated explanation, thereby separating the target decision from other qualities of the output [1].
A live trading-agent task also introduces deployment constraints: systems must remain reachable
and schema-compliant across repeated daily calls. It is part of the broader FinMMEval lab at CLEF
2026 [2], complementing the static Task 1 multiple-choice QA setting [3] and the Task 2 short-answer QA
setting [4]. Task 3 uses a FinMMEval-specific HT'TP endpoint protocol inspired by the live multi-market
agent-evaluation setting introduced in When Agents Trade [5]. Participants submit endpoints rather
than static files; each endpoint receives the same daily payload for a given asset and date and returns
a recommended BUY, HOLD, or SELL action. The primary metric is Cumulative Return (CR), which
connects daily decisions to their realized market consequences. By extending the lab from hidden
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static QA to live endpoint-based action selection, the task connects financial interpretation to simulated
portfolio outcomes while exposing practical service constraints.

2. Related Work

Task 3 is related to finance-specific language models, financial agent evaluation, and market-decision
benchmarks. Financial language models and instruction resources have shown the value of domain-
specific pretraining, instruction data, and evaluation suites for financial NLP. FinBERT represents an
early encoder-based direction [6], while BloombergGPT studies large-scale language modeling for
finance [7]. PIXIU adapts instruction data and evaluation resources to broader financial tasks [8], and
FinGPT provides an open framework for financial LLM applications [9].

Several financial reasoning benchmarks study complementary evidence-interpretation problems.
RealFin [10] and SAHM [11] focus on financial reasoning under language- or region-specific settings.
FinChain emphasizes verifiable chain-style reasoning in financial settings [12]. FInCARDS studies
intra-document evidence reranking for financial question answering [13], while FinReporting examines
localized disclosure-reporting workflows [14].

Recent shared tasks and benchmarks have further moved toward agentic financial scenarios. The
FinNLP-AgentScen shared task studied finance-oriented LLM settings including classification, summa-
rization, and single-stock trading [15]. Herculean studies broader agentic financial intelligence under
finance-oriented decision settings [16]. When Agents Trade introduced a live multi-market trading
arena for LLM agents [5]. FinMMEval Task 3 adapts this direction to a CLEF shared-task setting by
requiring participants to maintain public endpoints while ranking systems by market return.

3. Dataset

3.1. Data Collection

The Task 3 live challenge focuses on BTC and TSLA. BTC represents a continuously traded crypto asset
with rapid market movements, whereas TSLA represents a highly followed equity affected by company
news, filings, earnings expectations, and broader market dynamics. The official reporting window
uses BTC evaluations from 2026-05-11 through 2026-07-04 and TSLA evaluations from 2026-05-11
through 2026-06-26. Organizer-side payload-generation failures affected 17 calendar dates: 18—-19 May,
31 May-11 June, and 24-26 June. Rows from those dates that entered official scoring were normalized
to HOLD/flat, while non-trading TSLA dates were excluded according to the trading calendar. Validated
BTC coverage extended through 4 July, whereas TSLA scoring ended on 26 June. Any open TSLA
position was liquidated on the final scored date, and no further TSLA profit or loss was recorded.

For each active endpoint, asset, and evaluation date, the evaluation runner sent a JSON payload
containing the date, current price information, recent price history, momentum features, news-derived
information, and available filing context. All participants could use this shared payload directly
or combine it with their own model architectures, memory modules, retrieval systems, forecasting
components, rule-based signals, or external infrastructure. Decisions were generated and stored at the
time of each daily call and ingested into the leaderboard database later; database update timestamps
therefore record ingestion time rather than endpoint-call time. The raw archive preserves all collected
endpoint rows, including TSLA rows from non-trading dates. Official scoring includes all 18 endpoints
on every valid asset date and retains the agent and model identifiers, archived daily close price, and
normalized action needed to reproduce the leaderboard simulation.

3.2. Data Annotations

Task 3 evaluation records contain decision labels produced by deployed participant agents rather than
manually annotated static answers. For each asset-day request, an endpoint had to return valid JSON



containing one recommended action from the allowed set: BUY, HOLD, or SELL. BUY corresponds to a
long position, SELL corresponds to a short position, and HOLD corresponds to a flat position.

3.3. Data Statistics

The frozen raw archive contains 1,813 collected rows, of which 1,584 enter official scoring after the
validated asset windows and trading-day filters are applied. BTC contributes 990 scoring records across
55 dates, compared with 594 TSLA records across 33 dates, reflecting the shorter validated TSLA window
(Table 1).

Table 1

Evaluation windows, endpoint coverage, and record counts for BTC and TSLA.
Metric Value
BTC scoring window 2026-05-11 to 2026-07-04
TSLA scoring window 2026-05-11 to 2026-06-26
Active endpoints 18
Assets 2
Archived rows 1,813 (BTC: 990; TSLA: 823)
Scored rows 1,584 (BTC: 990; TSLA: 594)
Scoring dates BTC: 55; TSLA: 33
Excluded TSLA non-trading rows 229

4. Evaluation Framework

4.1. Task Organization

The protocol sends one request to each active endpoint for each asset on each evaluation date. The
action space is:

« BUY: take or maintain a long position;
« HOLD: stay flat for the asset on that day;
+ SELL: take or maintain a short position.

The daily action replaces the previous position for that asset, allowing a system to move between
long, flat, and short exposure as market evidence changes. Endpoint eligibility required public HTTP(S)
reachability, valid HTTPS certificates where applicable, a response within 180 seconds, parseable JSON,
and an allowed action. The official evaluation set retained one accepted endpoint per team, yielding 18
endpoints that the evaluation runner called daily within each asset’s scoring window.

4.2. Evaluation Measures

The primary metric is Cumulative Return (CR) under the official daily long/flat/short portfolio simulation.
Each asset starts with By = 100,000. Executions incur a fee rate of 0.0006 (6 basis points) per trade leg
and a slippage rate of 0.001 (10 basis points), implemented by increasing buy prices and decreasing sell
prices by the slippage rate. An open position is marked to the current asset price before the new action
is applied, and any position remaining on the final scored date is liquidated with the same costs. If Bp
is the balance after final liquidation, the asset-level cumulative return is

_ Br— By

CR Bo

where By = 100,000 and Bt includes position returns, fees, and slippage over the validated asset
window.



Failed or invalid actions and organizer-affected scoring rows are normalized to HOLD/flat, creating
no directional exposure; non-trading TSLA raw dates are excluded by the trading calendar. The official
ranking is the arithmetic mean of the reported BTC and TSLA cumulative returns. This gives the two
assets equal weight despite their different validated horizons and does not normalize for duration or
volatility.

4.3. HOLD Baseline

The HOLD baseline yields zero return; it is neither a participant entry nor a buy-and-hold benchmark.
Participant systems are ranked only against one another using CR.

5. Results and Participant Approaches

5.1. Competition Results

Among the 18 accepted endpoints, Infraglyph led the cross-asset mean with 4.83%, followed by Calibrated
Signals at 4.12% and NLP-DE at 4.03% (Table 2). The 0.09 percentage-point gap between second and
third place conceals sharply different BTC and TSLA profiles, underscoring the need for asset-level
comparison. Table 3 shows the asset-level divergence: Fin-Analyst achieved the highest TSLA return
(13.33%), whereas NLP-DE achieved the highest BTC return (9.97%).

Table 2
Official Task 3 ranking by mean BTC and TSLA return after fees and slippage. Means are computed from
unrounded asset-level returns; displayed values are rounded to two decimal places.

Rank Team Mean (%) BTC (%) TSLA (%)
1 Infraglyph 4.83 -0.68 10.34
2 Calibrated Signals 4.12 0.48 7.76
3 NLP-DE 4.03 9.97 -1.91
4 Fin-Analyst 3.94 -5.45 13.33
5 pjmathematician 1.45 2.05 0.84
6 The Lab Rats 0.56 4.26 -3.14
7 CLaC 0.37 3.50 -2.75
8 Enjamul Islam Khan 0.00 0.00 0.00
9 Amongus -0.02 2.38 -2.42

10 TrustMe -0.09 -3.62 3.44
11 Gentlemen -0.15 -5.51 5.21
12 Al_TLfanclub -1.24 -1.60 -0.88
13 AAA -1.72 -2.50 -0.93
14 A -5.03 -6.27 -3.79
15 TCLabs -5.57 -9.70 -1.43
16 Club GAIA - ESCOM -5.73 -4.40 -7.07
17 DS@GT ARC -7.56 -12.55 -2.57
18 TextSentinels -8.86 -11.51 -6.20




Table 3
Top Task 3 results ranked independently within BTC and TSLA. Closed positions count completed position
episodes, including final forced liquidation.

Asset Rank Team CR (%) Closed
BTC 1 NLP-DE 9.97 18
BTC 2 The Lab Rats 4.26 17
BTC 3 CLaC 3.50 3
BTC 4  Amongus 2.38 2
BTC 5 pjmathematician 2.05 4
TSLA 1 Fin-Analyst 13.33 8
TSLA 2 Infraglyph 10.34 9
TSLA 3 Calibrated Signals 7.76 3
TSLA 4  Gentlemen 5.21 10
TSLA 5 TrustMe 3.44 4

5.2. Analysis of Results

The final ranking shows substantial asset specialization. Infraglyph led the cross-asset mean CR by
combining a 10.34% TSLA return with a limited BTC loss, whereas Fin-Analyst and NLP-DE achieved
the strongest single-asset returns on TSLA and BTC, respectively. Across the 18 systems, BTC and
TSLA returns were weakly correlated (Pearson r = 0.06; Spearman p = 0.09), and only two systems
achieved positive returns on both assets. The weak cross-asset correlation and limited number of jointly
profitable systems justify reporting both within-asset ranks and the cross-asset mean. Seven systems
achieved a positive cross-asset mean CR, one remained flat, and ten had a negative mean over the official
window. Because the HOLD baseline is the only organizer baseline, positive CR does not establish
outperformance of passive market exposure.

5.3. Participant Approaches

Table 4 summarizes components reported in 13 Task 3 Working Notes papers. Blank cells mean that a
component was not reported. News or filing context appears throughout the documented systems, but
teams differ in how they transform it into actions: some combine sentiment with technical or forecasting
signals, while others emphasize memory, multi-agent decomposition, reinforcement learning, or rule-

based gating.



Table 4
Signals and architectural components reported by the 13 documented Task 3 systems.
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TrustMe [17]

(LLM trading, FinBERT sentiment, short-term memory, reflection, turbulence guard)

TrustMe reports a momentum-following LLM trading agent for Task 3. The system combines an LLM
news analyzer, local FInBERT sentiment, a 10-day memory component, and reflection over recent
decisions. Its action space is constrained by prompting and deterministic safeguards, including a
turbulence guard that can override the usual BUY or HOLD decision and issue SELL.

DS@GT ARC [18]

(tool use, agentic LLM trading, sentiment-aware news processing, random-forest forecasting)

DS@GT ARC studies the role of tools in agentic LLM-based trading systems. The reported DS@GT
StockTron system combines specialist analyst signals, sentiment- and section-aware news processing,
an LLM portfolio manager, structured decision storage, and a random-forest forecasting tool.
Infraglyph [19]

(tiered memory, ChromaDB retrieval, temporal filtering, asset-specific personas)

Infraglyph describes EdgeQuant Agent as using a tiered cognitive memory architecture. The system
stores news, filing context, and reflections in memory layers, retrieves them through embedding-based
search, and applies temporal filtering to avoid look-ahead information. Asset-specific personas and
conviction rules determine how the retrieved evidence is converted into an action.

TextSentinels [20]

(FinBERT, XGBoost, recursive sentiment memory, technical indicators)

TextSentinels treats Task 3 as a multi-asset financial decision-making problem and uses machine-learning
and transformer components. The system combines FinBERT sentiment features, technical indicators,

recursive sentiment memory, and XGBoost-based decision logic before producing the required action
label.



Calibrated Signals [21]

(multi-agent reasoning, quantitative indicators, LLM synthesis, trading intelligence)

Calibrated Signals combines live market enrichment, deterministic quantitative indicators, LLM-based
news and filing analysis, and a multi-agent synthesis stage for BUY, HOLD, or SELL decisions.

CLaC [22]

(reinforcement learning, sentiment augmentation, alpha reward)

CLaC reports a sentiment-augmented deep reinforcement-learning approach for active trading. Its
state representation combines financial sentiment with EMA, RSI, MACD, Bollinger Bands, and volume-
derived indicators, while an alpha-reward objective guides the trading policy.

Enjamul Islam Khan [23]

(adaptive multi-agent framework, sentiment analysis, filing analysis, forecasting)

The Enjamul Islam Khan system combines specialized components for sentiment, technical analysis,
event reasoning, SEC filing analysis, financial semantics, and multi-horizon forecasting before selecting
a final action.

Amongus [24]

(Agentic Mk1, Qwen2.5, deterministic indicators, TimesFM forecasts, HOLD fallback)

Amongusreports Agentic Mk1, a structured multi-agent trading system built around Qwen2.5-7B-Instruct
and TimesFM-style forecasts. The system combines forecasting, deterministic technical indicators, state
handling, and agentic reasoning to support daily BTC and TSLA decisions. Its endpoint returns HOLD
when it cannot produce an admissible directional decision.

The Lab Rats [25]

(FinSentinel v2, deterministic trading, online threshold calibration, cross-asset regime gating)

The Lab Rats describe FinSentinel v2, a deterministic trading endpoint with online threshold calibration
and cross-asset regime gating. The endpoint combines news sentiment, price-derived technical signals,
and momentum labels, with rolling threshold calibration and recent-accuracy-based signal weighting.
The final live endpoint emphasizes repeatable inference without calling an LLM at decision time.

Club GAIA - ESCOM [26]

(GRPO fine-tuning, quantized LLMs, multimodal financial decision making)

Club GAIA - ESCOM explores compact GRPO fine-tuning of quantized LLMs for multimodal financial
decision making. The system adapts efficient language models for Task 3’s action-selection setting by
combining news, price sequences, scalar features, sentiment, and forecast summaries into structured
prompts.

pjmathematician [27]

(multi-signal ensemble, technical indicators, search grounding, endpoint decision logic)

The pjmathematician Task 3 system combines technical indicators, filing-based fundamentals, news
sentiment, and search-grounded context before applying an LLM-based arbitration step. The arbitration
step aggregates these signals before issuing the endpoint response.

Fin-Analyst [28]

(aggregator LLM, multi-specialist architecture, rule-based BTC voting)

Fin-Analyst uses an aggregator LLM in its live trading agent. For TSLA, the system uses a multi-
specialist architecture that processes disclosures, fundamentals, analyst forecasts, social media sentiment,
technical indicators, and daily news. For BTC, it uses a rule-based vote over price trends, the Crypto
Fear and Greed Index, and momentum before returning the final action.



TCLabs [29]

(news preprocessing, technical indicators, structured prompts, action selection)

The TCLabs Task 3 system combines the daily task inputs with Trading Central-style news preprocessing,
technical indicators, and structured LLM prompts before converting the evidence into a trading action.

Across the 13 documented systems, no single architecture dominates: systems combine financial text
interpretation with different mixtures of retrieval, technical indicators, memory, reinforcement learning,
fine-tuning, forecasting, and deterministic control. Taken together, the diversity of high-ranking designs
and the weak correlation between BTC and TSLA returns do not identify a universally superior model
family; they instead motivate asset-specific ablations in future evaluations.

6. Conclusion and Future Work

Task 3 introduced a live, endpoint-based evaluation in which deployed financial agents produced daily
BUY, HOLD, or SELL decisions for BTC and TSLA. It attracted 18 accepted endpoints, and 13 working-
notes papers describe a diverse set of LLM, retrieval, forecasting, reinforcement-learning, rule-based,
and multi-agent trading methods. The final ranking shows substantial asset specialization: Infraglyph
led the cross-asset mean CR, Fin-Analyst achieved the strongest TSLA asset-level result, and NLP-DE
achieved the strongest BTC asset-level result.

The first edition highlighted endpoint reachability, schema compliance, and latency as deployment
constraints that do not arise in a standard file-upload benchmark; it also showed the importance of
organizer-side input validation for a live evaluation. Future live tasks should define default-action rules,
input-quality checks, and the final validation cutoff before evaluation begins. Finally, CR measured on
BTC and TSLA over a single evaluation window should not be interpreted as evidence of real-world
profitability; it is a controlled shared-task metric for comparing systems under the same inputs, dates,
and scoring policy.
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