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Abstract. We present the first experiment of Rosetta Arena, a benchmarking environment designed to measure how well
different artificial intelligence systems predict the exact decision a real person made when facing a closed set of alterna-
tives. We compare Cairo Rosetta, a specialized behavior model developed by Cairo Al, against three general-purpose lan-
guage models accessed through OpenRouter (Claude Sonnet 5.5, GPT-5.6 Terra, and Gemini 3.8 Flash) and against a fre-
quentist baseline (historical per-event mode), on 30 real decisions drawn from the validation and test partitions of the
Twin-2K-500 and CaSiNo datasets. Rosetta achieved the highest point accuracy (60.0%; 95% confidence interval [CI]:
42.3-75.4%), followed by Claude Sonnet 5.5 (56.7%), GPT-5.6 Terra (50.0%), the baseline (40.0%), and Gemini 3.8 Flash
(36.7%). At the current sample size, the accuracy advantage over the best language model is not statistically distinguish-
able. The clearest difference is in efficiency: Rosetta reduced mean latency by 41% relative to the fastest language models
(1.73 s vs. 2.93-2.94 s) and by 63% relative to Gemini 3.8 Flash, without incurring API charges, compared with USD
1.90-3.03 per 1,000 predictions for the commercial models. In point estimates, Rosetta Pareto-dominates all three language
models evaluated. The results are preliminary and warrant a larger-scale evaluation with paired, case-level analysis.

Keywords: behavioral prediction - discrete choice - Large Behavior Models - language models - benchmarking - inference
efficiency

1 Introduction

Anticipating which decision a specific person will make—not just how a population behaves on average—is a cen-
tral problem in organizational psychology, behavioral economics, and product design. In recent years, large language
models (LLMs) have been used as simulators of human subjects, with promising results at the aggregate (Argyle et
al., 2023; Horton, 2023) and individual levels (Park et al., 2024), although individual-level validation has been limit-
ed by the scarcity of high-quality public behavioral data (Toubia et al., 2025). In parallel, models trained specifically
to predict human behavior and cognition have emerged (Binz et al., 2025), raising a practical question: can a special-
ized model compete with frontier LLMs on accuracy while outperforming them on cost and speed?

Cairo Rosetta (hereafter, Rosetta) is a specialized behavior model—a Large Behavior Model (LBM)—developed
by Cairo AL Its goal is to estimate, from a person's psychometric profile and the characteristics of a situation, which
action that person is most likely to take. Unlike general-purpose LLMs, Rosetta is designed to produce structured
predictions with low latency and low marginal cost, in order to enable large-scale behavioral simulation.

This report documents the first experiment of Rosetta Arena, our benchmarking environment. Its contributions
are threefold: (i) a blind, leak-free evaluation protocol for predicting individual discrete choices; (ii) a direct compar-
ison of Rosetta with three frontier LLMs and a frequentist baseline on accuracy, latency, and cost; and (iii) an explic-
it analysis of the statistical uncertainty associated with sample size, which delimits which conclusions can—and
cannot—be drawn from this first run.
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2 Evaluated Systems
Five competitors were evaluated, as summarized in Table 1.

Table 1. Evaluated competitors.

Competitor Type Access Identifier

Cairo Rosetta Specialized behavior model (LBM) Dedicated inference cairo rosetta

Claude Sonnet 5.5 General-purpose LLM API via OpenRouter ~ Claude Sonnet 5.5 (Anthropic)
GPT-5.6 Terra General-purpose LLM API via OpenRouter openai/gpt-5.6-terra
Gemini 3.8 Flash General-purpose LLM API via OpenRouter google/gemini-3.8-flash
Per-event average Frequentist baseline (historical mode)  Local computation Deterministic lookup

Cairo Rosetta. A proprietary Cairo Al model specialized in predicting individual behavior. It receives the structured
description of the person and the situation and directly returns the catalog alternative that best matches the profile.
Because it is a proprietary development, details of its architecture, internal representation, and training procedure are
deliberately omitted: in this report, Rosetta is evaluated as a black box, under the same input conditions as the other
competitors.

Frontier language models. Three commercial general-purpose LLMs accessed through OpenRouter. Each re-
ceives a structured prompt with the person's profile, the description of the situation, and the numbered menu of op-
tions, and must return, in JSON format, the option it predicts the subject chose.

Per-event average. A deterministic frequentist baseline that predicts, for each event, the option chosen most fre-
quently in the reference data. Despite its name in the system log, it does not compute an average but the event's his-
torical mode. In the absence of individual information, predicting the mode maximizes expected accuracy; this base-
line therefore serves as a minimum threshold: a system that does not beat it is not extracting useful information from
the person's profile.

3 Experimental Design

3.1 Data sources and sampling

Cases come from empirical decisions made by real people in economic, negotiation, and social dilemmas, drawn
from two public datasets: Twin-2K-500 (Toubia et al., 2025), which gathers the answers of more than 2,000 partici-
pants to more than 500 questions, including psychometric measures and behavioral tasks, and CaSiNo (Chawla et al.,
2021), a corpus of negotiation dialogues about splitting resources for a camping trip.

To ensure a leak-free evaluation, cases were drawn exclusively from out-of-training partitions (val and test) or
from held-out control events (holdout); no evaluated case was part of Rosetta's training data or of the baseline's refer-
ence data. Only situations with a closed catalog of 2 to 12 discrete alternatives (option key) were included. The or-
der of alternatives was randomized with a fixed pseudorandom seed (seed) to neutralize position biases, such as a
model's systematic preference for the first or last option. The final sample consists of N = 30 decisions.

3.2 Case structure

Each test unit provides all competitors with the same information, organized into three components. The individual
profile contains the person's standardized cognitive and personality traits, expressed as normalized scores (z) or as
equivalent semantic calibrations. The situation context includes a textual description of the scenario together with
objective contextual descriptors (for example, what is at stake, the degree of uncertainty, and the conditions of the in-
teraction). The option catalog lists the discrete actions available to the person at that moment. The participant's actu-
al decision (real_key) remains hidden during inference and is used only at the scoring stage.
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3.3 Inference protocol

Competitors were run independently and in parallel on each case, against the same catalog and in the same random-
ized order. The LLMs received the case through the structured prompt described in Section 2; the baseline determin-
istically selected the event's historical mode; and Rosetta received the case and directly resolved which catalog alter-
native matches the person's profile. In every case, the output is a single option from the catalog, which allows exact
and uniform scoring.

3.4 Metrics

The primary metric is accuracy, defined from the exact hit on each case i, where )A/l_ is the predicted option and Y; the
option the person chose:

Hit;=1 if y,=y;, and Hit;=0 otherwise (D)

N
Accuracy =% Y Hit; )
i=1
As a complementary metric, we report the mean absolute error (MAE). In a discrete-choice problem with binary
scoring, the MAE equals the error rate and therefore carries no information independent of accuracy; it is retained for
consistency with the Rosetta Arena log:

N
MAE = % Y (1 —Hit;))=1— Accuracy 3)
i=1
For each prediction we also recorded end-to-end latency (latencia ms), measured from query dispatch to receipt
of the predicted option, and the direct financial cost of inference (costo), corresponding to external API charges. Ef-
ficiency comparisons are expressed as relative latency reduction and speedup, where LR and Lk are the mean laten-
cies of Rosetta and of competitor k:

—1-Lr _L
Ae=1 I speedup = Ix 4)

3.5 Statistical analysis

Uncertainty in each accuracy estimate is quantified with 95% Wilson confidence intervals (Wilson, 1927), which are
more appropriate than the normal approximation for small samples. Because all competitors were evaluated on the
same 30 cases, the appropriate pairwise test is the exact McNemar test (McNemar, 1947), which requires the
case-by-case concordance table. Since this report relies on aggregate results, we present (i) a two-proportion z test,
which ignores pairing, and (ii) the range of McNemar p-values compatible with the observed totals, obtained by enu-
merating all feasible concordance tables. This range bounds the significance that a case-level analysis could achieve.

3.6 Execution infrastructure

The experiment ran on the Rosetta Arena backend as an asynchronous process of chained atomic batches (self-chain-
ing ticks). Each run is logged in rosetta arena corridas and each individual attempt in
rosetta arena intentos, with each competitor's exact prediction, latency, and cost. The system includes fault
tolerance and exponential-backoff retries on network interruptions, which, together with the fixed randomization
seed, makes the run reproducible. The analyzed experiment was run on October 4, 2026, at 23:44 and validated this
infrastructure end to end, allowing the evaluation to be repeated and expanded continuously as Rosetta evolves.
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4 Results

4.1 Accuracy

Table 2 reproduces the results recorded in the database. Rosetta achieved the highest accuracy (18/30; 60.0%) and
the lowest error (0.40), followed by Claude Sonnet 5.5 (17/30; 56.7%) and GPT-5.6 Terra (15/30; 50.0%). The base-
line got 12 of 30 cases right (40.0%), and Gemini 3.8 Flash had the lowest performance (11/30; 36.7%), below the
baseline.

Table 2. Results of the discrete-choice run (N = 30), sorted by accuracy.

Competitor Hits Accuracy 95% CI (Wilson) (113/;2(;;) Mean latency Total cost
Cairo Rosetta 18/30 60.0% 42.3-75.4% 0.40 1,733 ms USD 0.0000
Claude Sonnet 5.5 17/30 56.7% 39.2-72.6% 0.43 2,937 ms USD 0.0908
GPT-5.6 Terra 15730 50.0% 33.2-66.8% 0.50 2,930 ms USD 0.0571
Per-event average 12/30 40.0% 24.6-57.7% 0.60 0 ms USD 0.0000
Gemini 3.8 Flash 11/30 36.7% 21.9-54.5% 0.63 4,728 ms USD 0.0635
Note: MAE equals 1 — accuracy in discrete choice (equation 3). Total cost corresponds to external API charges; the baseline recorded 0 ms la-

tency because it is a precomputed lookup.

baseline (mode)

Per-event average V 7 j 1 40.0% (12/30)
T T T T T 1
0% 20% 40% 60% 80% 100%

Accuracy (exact hits / 30); error bars: Wilson 95% CI

Figure 1. Accuracy by competitor with 95% Wilson confidence intervals. The dashed line marks the baseline accuracy (historical
mode). The width of the intervals (= £16.5 pp) reflects the sample size of this first run.

Confidence intervals are wide—about +16.5 percentage points (pp)—and overlap substantially (Figure 1). Table
3 summarizes Rosetta's comparison against each competitor. The advantage over Claude Sonnet 5.5 amounts to a
single case and is not significant under any feasible configuration (p = 1.00); against GPT-5.6 Terra, the 10 pp dif-
ference (3 cases) is not significant either (McNemar p between 0.25 and 0.70). The larger differences—20 pp over
the baseline and 23.3 pp over Gemini 3.8 Flash—do not reach significance in the unpaired test (p = 0.12 and 0.07),
but could do so in a paired analysis, whose feasible range is 0.031-0.36 and 0.016-0.26, respectively. The lower end
corresponds to the scenario in which Rosetta's hits include all of the competitor's hits; determining where the actual
result falls requires the case-level concordance table.

4.2 Hits on non-modal decisions

The baseline enables an additional reading of the results. By construction, its 12 hits correspond exactly to the cases
in which the person chose the historically most frequent option; in the remaining 18 cases, the individual departed
from the mode. Consequently, any competitor with k total hits must have at least K — 12 hits on these non-modal de-
cisions. Rosetta correctly anticipated at least 6 of the 18 atypical decisions (> 33%), a type of hit the baseline cannot
achieve; the corresponding bounds are 5 for Claude Sonnet 5.5, 3 for GPT-5.6 Terra, and O for Gemini 3.8 Flash.
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This bound is consistent with the hypothesis that Rosetta extracts useful information from the individual profile, al-
though the exact magnitude can only be established through case-level analysis.

Table 3. Comparison of Rosetta against each competitor. A: accuracy difference in Rosetta's favor. The z test ignores pairing; the
McNemar range covers all concordance tables compatible with the observed hits. The last column is a lower bound derived from the
totals (Section 4.2).

Competitor Accuracy A vs. Rosetta A cases (uzr;:):lsitrz d) (fi\;[scilljr::-z;g ¢) nol::[_i;;)g:ls c();es
Cairo Rosetta 60.0% — — — — >60f 18
Claude Sonnet 5.5 56.7% +3.3 pp +1 0.79 1.00 >50f 18
GPT-5.6 Terra 50.0% +10.0 pp +3 0.44 0.25-0.70 >3of 18
Per-event average 40.0% +20.0 pp +6 0.12 0.031-0.36 cgri)sftrluscgc))}rll)
Gemini 3.8 Flash 36.7% +23.3 pp +7 0.07 0.016-0.26 >0of 18

4.3 Latency

Rosetta recorded a mean latency of 1,733 ms, versus 2,930 ms for GPT-5.6 Terra, 2,937 ms for Claude Sonnet 5.5,
and 4,728 ms for Gemini 3.8 Flash (Figure 2a; Table 4). This represents a 40.9-41.0% reduction relative to the two
fastest LLMs—a 1.69x speedup—and a 63.3% reduction relative to Gemini 3.8 Flash (2.73X). The baseline, being a
lookup in a precomputed table, runs with practically zero latency and is excluded from this comparison.

(a) Mean latency per prediction (b) Direct API cost per 1,000 predictions

Cairo Rosetta

1735 ‘ USD 0.00%

USD 3.03

GPT-5.6 Terra

seconds USD

o —
—
S}
w
~
W
o
—
S
w

Figure 2. Inference efficiency. (a) Mean end-to-end latency per prediction. (b) Direct API cost normalized to 1,000 predictions.
*Rosetta incurred no external API charges; the cost of its dedicated infrastructure is not captured in this telemetry (see Section 6).

4.4 Cost

Rosetta incurred no external API charges during the experiment, while the LLMs accumulated between USD 0.057
and USD 0.091 over 30 predictions. Normalized, this equals USD 3.03 (Claude Sonnet 5.5), USD 2.12 (Gemini 3.8
Flash), and USD 1.90 (GPT-5.6 Terra) per 1,000 predictions (Figure 2b). Although the absolute figures are small at
this scale, they grow linearly with volume: assuming similar prompt sizes, a simulation of one million
predictions—for example, 10,000 profiles exposed to 100 scenarios—would cost roughly USD 1,900 to USD 3,030
on commercial APIs, versus zero API cost for Rosetta. Measured per correct prediction, the cost of the LLMs ranged
from USD 0.0038 (GPT-5.6 Terra) to USD 0.0058 (Gemini 3.8 Flash), as detailed in Table 4.
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Table 4. Derived efficiency metrics. Reductions and speedups computed relative to Rosetta using equation (4); the one-million pro-
jection assumes a constant per-call cost.

Latency S

Competitor reduction Speedup COS? per Cost per .1’000 Pg 0Ject|.on‘ to Cost per hit
prediction predictions 10" predictions

(Rosetta)
Cairo Rosetta reference 1.00x USD 0* USD 0* USD 0* USD 0*
Claude Sonnet 5.5 41.0% 1.69x USD 0.0030 USD 3.03 USD 3,027 USD 0.0053
GPT-5.6 Terra 40.9% 1.69% USD 0.0019 USD 1.90 USD 1,903 USD 0.0038
Gemini 3.8 Flash 63.3% 2.73% USD 0.0021 USD 2.12 USD 2,117 USD 0.0058

*No external API charges. Excludes compute, hosting, and amortized training of Rosetta's dedicated infrastructure.

4.5 Synthesis: Pareto dominance

Figure 3 places each competitor on the accuracy—latency plane. In point estimates, Rosetta Pareto-dominates the
three LLMs evaluated: it simultaneously offers higher accuracy, lower latency, and lower direct cost. The only non-
dominated alternative is the baseline, which is faster and free but 20 pp less accurate. The asymmetry of the evidence
should be emphasized: dominance in accuracy is subject to the uncertainty described in Section 4.1, whereas the la-
tency and cost differences are substantial in magnitude.

90%
\ better Cairo Rosetta
80% 60.0% - 173 s - no API cost
70% "'
< Claude Sonnet 5.5
IS
= 60% ‘ ® 56.7%-2.94s-USD 3.03/1k
Q
£ 50% ® GPT-5.6 Terra
8 50.0% - 2.93 s - USD 1.90/1k
<
40% baseline: historical mode (40.0% - 0 s - no cost) ®
30% Gemini 3.8 Flash
° 36.7% - 4.73 s - USD 2.12/1k
20%
T T T T T

0 1 2 3 4 5
Mean latency per prediction (s)

Figure 3. Accuracy-latency plane with 95% Wilson intervals; the upper-left corner is preferable. The shaded band indicates perfor-
mance below the baseline. The points for Claude Sonnet 5.5 and GPT-5.6 Terra, with nearly identical latencies, are offset horizontal-
ly by +0.035 s for readability.

5 Discussion and First Impressions

5.1 Competitive parity with frontier models

Our first impression is that a specialized model can match—and, in this run, marginally exceed—frontier language
models on an admittedly difficult task: predicting the choice of a specific person. The result is relevant because the
LLMs evaluated are large-scale general-purpose systems, while Rosetta is designed specifically for this class of
problem. Nonetheless, with 30 cases the result should be read as competitive parity with a directional advantage in
Rosetta's favor, not as demonstrated superiority.
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5.2 Efficiency as a structural advantage

The experiment's strongest advantage lies not in accuracy but in efficiency. Whereas the accuracy differences hinge
on a few cases, the latency differences (about 1.2 s per prediction versus the fastest LLMs) and cost differences (no
API charges versus USD 1.90-3.03 per 1,000 predictions) are large and stem from structural differences between a
specialized model with dedicated inference and a general-purpose LLM served through an API. For the use case that
motivates Rosetta—simulating the responses of thousands or millions of profiles across multiple scenarios—these
differences translate directly into economic viability and the ability to deliver results at interactive speed.

5.3 The baseline as a test of individualization

That the historical mode is correct in only 40% of cases indicates that the sample contains a considerable share of de-
cisions that depart from what the majority does; the task therefore rewards the use of individual information. In this
context, it is notable that Gemini 3.8 Flash did not beat the baseline: being a frontier model does not, by itself, guar-
antee extracting useful signal from a person's profile. The spread among LLMs (36.7% to 56.7%) further suggests
that generalist performance on this task is sensitive to model choice, although this spread is also affected by sample
size.

6 Limitations and Threats to Validity

Sample size and case-level analysis. With N = 30, each accuracy estimate has a margin of roughly +16.5 pp. Under
an unpaired approximation, detecting a 10 pp difference (60% vs. 50%) with 80% power would require about 390
cases per competitor, and a 3.3 pp difference like the one observed against Claude Sonnet 5.5, about 3,500. A paired
design reduces these requirements but needs the case-level concordance table, available in
rosetta_arena_intentos and not included in this report.

Domain advantage. Rosetta and the baseline have training or reference data from the same sources as the evalu-
ated cases (in different partitions), whereas the LLMs operate without adaptation (zero-shot). The comparison is
therefore that of a domain specialist versus generalists; Rosetta's generalization to unseen data sources remains to be
evaluated.

Possible LLLM contamination. Twin-2K-500 and CaSiNo are public, so it cannot be ruled out that they are part
of the commercial LLMs' pretraining corpora. If present, this contamination would favor the LLMs, not Rosetta.

Prompting protocol. The LLMs were evaluated with a single structured prompt. Variants such as in-context ex-
amples (few-shot), extended reasoning modes, or sampling-parameter adjustments could change their accuracy as
well as their latency and cost.

Comparability of efficiency. LLM latency includes OpenRouter routing and each provider's network, while
Rosetta runs on dedicated infrastructure; part of the difference is attributable to infrastructure and not only to the
model. The cost recorded for Rosetta excludes compute, hosting, and amortized training, so a total-cost-of-owner-
ship comparison requires instrumenting those components. In addition, latencies are reported as means, without their
distribution (p50/p95).

Sample composition and single run. The number of alternatives varies from 2 to 12 per case, so the chance lev-
el differs across cases, and the share of cases from each source is not broken down here. Moreover, the results corre-
spond to a single run with a single seed; variability across seeds and the inherent non-determinism of the LLMs have
not been quantified.

7 Future Work

The next iteration of Rosetta Arena should: (i) expand the sample to several hundred cases, stratified by source and
dilemma type (economic, negotiation, and social); (ii) report the case-level concordance table, exact McNemar tests,
and accuracy separately for modal and non-modal decisions; (iii) add probabilistic metrics (log-loss, Brier score, and
calibration) and chance-adjusted accuracy; (iv) evaluate the LLMs with more demanding prompting protocols and
include other specialized models as competitors; (v) measure Rosetta's generalization on data sources not seen during
training, including domains closer to its intended use cases, such as reactions to messages and communications; and
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(vi) report latency distributions and the total cost of inference, including in-house infrastructure. An ablation experi-
ment in which all competitors receive the cases without the individual profile would also quantify how much of the
accuracy comes from psychometric information.

8 Conclusions
This first Rosetta Arena experiment supports four preliminary conclusions:

1. Competitive accuracy. Rosetta performs on par with the frontier LLMs evaluated and achieved the best point
result (60.0%), with advantages of 3.3 pp over Claude Sonnet 5.5 and 10 pp over GPT-5.6 Terra. With N = 30,
these differences are not statistically conclusive.

2. Individual signal. Rosetta beat the baseline by 20 pp and correctly anticipated at least one third of the decisions
that departed from the majority, preliminary evidence that it leverages profile information. Gemini 3.8 Flash did
not beat that baseline.

3. Superior efficiency. The clearest advantage is operational: Rosetta responded in 1.73 s—41% less than the
fastest LLMs and 63% less than Gemini 3.8 Flash—with no API charges, versus USD 1.90-3.03 per 1,000 pre-
dictions. At the scale of millions of predictions, this difference is decisive for the viability of massive behavioral
simulations.

4. Pareto dominance. In point estimates, Rosetta dominates the three LLMs evaluated on accuracy, latency, and
direct cost. The results warrant a larger-scale evaluation, with paired case-level analysis, before making defini-
tive claims of superior accuracy.

In short, this first run shows competitive parity in accuracy, with a directional advantage for Rosetta, and a clear and
substantial advantage in speed and cost.
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