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Abstract

Large Language Models (LLMs) are increas-
ingly adopted as conversational assistants in
genomics, where they are mainly used to rea-
son over biological knowledge, annotations,
and analysis outputs through natural language
interfaces. However, existing benchmarks ei-
ther focus on specialized DNA models trained
for sequence prediction or evaluate biological
knowledge using text-only questions, leaving
the behavior of general-purpose LLMs when
directly exposed to raw genome sequences
underexplored. We introduce GenomeQA, a
benchmark designed to provide a controlled
evaluation setting for general-purpose LLMs
on sequence-based genome inference tasks.
GenomeQA comprises 5,200 samples drawn
from multiple biological databases, with se-
quence lengths ranging from 6 to 1,000 base
pairs (bp), spanning six task families: Enhancer
and Promoter Identification, Splice Site Iden-
tification, Taxonomic Classification, Histone
Mark Prediction, Transcription Factor Bind-
ing Site Prediction, and TF Motif Prediction.
Across six frontier LLMs, we find that mod-
els often outperform random baselines, partic-
ularly on tasks driven by local sequence cues
such as GC content and short motifs, while per-
formance degrades on tasks that require more
indirect or multi-step inference over sequence
patterns. GenomeQA establishes a diagnostic
benchmark for studying and improving the use
of general-purpose LLMs on raw genomic se-

quencesl .

1 Introduction

Genome analysis has long relied on specialized se-
quence models and task-specific pipelines. Recent
years have seen rapid progress in DNA foundation
models that are trained directly on nucleotide se-
quences, as well as emerging DNA-Text systems

tCo-first authors
'Data and code are available at
https://github.com/ai4nucleome/GenomeQA

that couple a dedicated DNA encoder with a large
language model (Zhou et al., 2024; Dalla-Torre
et al., 2025; Brixi et al., 2025; Schiff et al., 2024,
de Almeida et al., 2025; Fallahpour et al., 2025).
These approaches achieve strong supervised per-
formance, but they typically require task-specific
heads, probing, or additional adaptation to sup-
port downstream applications. In parallel, large
language models have become widely used as con-
versational assistants across scientific domains, in-
cluding chemistry (Hao et al., 2025; M. Bran et al.,
2024), physics (Arora et al., 2023; Xu et al., 2025),
and medicine (Singhal et al., 2023; Zheng et al.,
2025). In genomics, their most common role is
to reason over derived information such as annota-
tions for genes and variants, functional summaries,
experimental metadata, literature, and results from
existing bioinformatics tools through natural lan-
guage interfaces. However, direct interaction with
raw genomic sequences poses challenges that dif-
fer fundamentally from standard natural language
processing. DNA lacks human-interpretable se-
mantic units such as words or grammar, exhibits
long-range dependencies, and encodes biological
signals in highly degenerate and context-dependent
patterns (Cheng et al., 2025b; Benegas et al., 2025).
As aresult, it remains unclear how general-purpose
LLMs behave when they are directly exposed to
nucleotide sequences, and whether their responses
reflect non-trivial sequence-level cues or are driven
primarily by superficial heuristics.

Despite the increasing presence of LLMs in ge-
nomics studies, there is currently no standardized
benchmark that evaluates how general-purpose lan-
guage models perform when directly exposed to
raw genomic sequences. Existing genome bench-
marks (Marin et al., 2024; GreSova et al., 2023;
Patel et al., 2024) primarily target trainable DNA-
specific models and assess representation quality
under fine-tuning or probing. In contrast, exam-
style benchmarks (Chen et al., 2025; Queen et al.,
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Figure 1: Overview of GenomeQA. The pipeline consists of Data collection, processing, construction and LLM

evaluation.

2025; Yin et al., 2025) evaluate biological knowl-
edge using text-only questions without requiring
sequence-level analysis. Consequently, a practi-
cally important evaluation setting remains underex-
plored: a general-purpose LLM receiving natural
language questions together with raw nucleotide
sequences and producing answers under a fixed
instruction-following protocol.

We take a step toward filling this gap by intro-
ducing GenomeQA, a question-answering bench-
mark designed to provide a controlled evaluation of
general-purpose LLMs on sequence-based genome
inference tasks. As shown in Figure 1, GenomeQA
comprises 5,200 samples across six representative
task families: Enhancer and Promoter Identifica-
tion, Splice Site Identification, Taxonomic Classi-
fication, Histone Mark Prediction, Transcription
Factor Binding Site (TFBS) Prediction, and Tran-
scription Factor (TF) Motif Prediction. Each in-
stance is formatted as either a Binary Choice Ques-
tion (BCQ) for validity judgment or a four-option
Multiple Choice Question (MCQ). To ensure con-
sistent evaluation across models and tasks, we use
a single system prompt derived from a small pilot
study; the prompt is fixed throughout all experi-
ments and provides domain-relevant guidance for

analyzing sequence signals such as motifs and base
composition.

Our contributions are summarized as follows:

¢ We introduce GenomeQA, a benchmark that
provides a controlled evaluation setting for as-
sessing how general-purpose LL.Ms perform
on sequence-based genome inference tasks.
The benchmark comprises 5,200 curated sam-
ples spanning six biologically grounded task
families.

* We conduct a comprehensive evaluation of six
frontier LLMs, establishing baseline perfor-
mance on raw DNA sequences and showing
that current models can exploit certain local
sequence signals (e.g., GC content and short
motifs) but struggle with tasks requiring more
complex or indirect inference.

* We present a fine-grained analysis of failure
modes such as Sequence Motif Over-reliance
and Character Fidelity Loss, highlighting sys-
tematic error patterns and directions for future
research.

35772



2 Related Work

2.1 Genome-Specific Models

Recent DNA foundation models treat genome se-
quences as language. They pretrain on billions of
nucleotides and add task-specific heads for down-
stream applications such as regulatory elements
prediction and splice site identification. Typical
models include DNABERT-2 (Zhou et al., 2024),
Nucleotide Transformer (Dalla-Torre et al., 2025),
HyenaDNA (Nguyen et al., 2023), Genos (Lin
et al., 2025), GENA-LM (Fishman et al., 2025)
and Evo (Nguyen et al., 2024). Recent multi-
modal approaches couple a pretrained DNA founda-
tion model with a general-purpose large language
model (LLM), such as ChatNT (de Almeida et al.,
2025), BioReason (Fallahpour et al., 2025) and
Omni-DNA (Li et al., 2025). Empirically, these
models achieve strong performance and can match
or even surpass state-of-the-art results on standard
genome understanding benchmarks. Meanwhile,
some researchers argue that an alternative route
is to repurpose general LLMs into DNA-LLMs
directly (Cheng et al., 2025a), e.g., by adapting to-
kenization and training objectives so that the LLM
can model DNA sequences without an explicit sep-
arate DNA encoder. Overall, despite their different
interfaces, these methods share a key property: they
rely on models that are specifically trained or sub-
stantially adapted on DNA sequences.

2.2 Genome Benchmarks

Existing benchmarks for genome modeling primar-
ily target models that are specifically designed or
adapted for genome data. Sequence-based bench-
marks, such as BEND (Marin et al., 2024), DNA-
LongBench (Cheng et al., 2025b), DART-Eval (Pa-
tel et al., 2024), and the Genomics Long-range
Benchmark (Kao et al., 2024), are mainly con-
structed to evaluate genome foundation models.
These benchmarks typically consist of raw DNA
sequences paired with predefined prediction tasks,
and are intended to measure a model’s ability
to learn transferable sequence representations for
downstream biological applications. Another line
of benchmarks focuses on biomedical or clinical
knowledge assessment through natural language
questions, such as CMExam (Liu et al., 2023),
Bio-Benchmark (Jiang et al., 2025), and EHRXQA
(Bae et al., 2023). While these benchmarks evalu-
ate language understanding and domain knowledge,
they do not require models to directly process or

reason over raw genomic sequences. More recently,
several benchmarks and evaluation protocols have
emerged in the context of multimodal genome-
language systems, including Lab-Bench (Laurent
et al., 2024) and the task suites used in ChatNT
and BioReason. These benchmarks partially in-
volve sequence-based question answering, but they
rely on a dedicated genome encoder to transform
DNA sequences into latent representations before
passing them to a large language model. As a
result, the evaluated capability is that of an inte-
grated multimodal system, rather than the intrin-
sic ability of a general-purpose LLM to interpret
DNA sequences. In contrast, GenomeQA is de-
signed to assess general-purpose LLMs in a setting
where raw DNA sequences are provided directly
as input. Each instance contains real genomic se-
quences with task-relevant signals, and all tasks
are reformulated into a unified natural language
question-answering format. GenomeQA does not
assume a genome-specific encoder or additional
training on DNA data, and is intended to support
controlled measurement of LLMs performance on
sequence-based genome inference tasks.

3 GenomeQA Construction

3.1 Design Principles

An overview of the dataset construction pipeline is
shown in Figure 1. GenomeQA is built through a
systematic process that transforms curated genome
annotations into a unified evaluation framework.
(1) We first identify six fundamental task fami-
lies by collecting high-quality annotations from
established databases and repositories, including
ENCODE (Consortium, 2012), EPDnew (Dreos
et al., 2013), NCBI (National Center for Biotech-
nology Information, 1988-2025), JASPAR (Raulu-
seviciute et al., 2023), as well as downstream tasks
used in the Nucleotide Transformer (NT) bench-
mark (Dalla-Torre et al., 2025). A central design
principle is the preservation of biological hierarchy:
tasks are grouped to contrast genomic elements at
the same functional level (e.g., enhancers versus
promoters), rather than mixing signals across dis-
parate biological scales. (2) All selected tasks are
processed through a unified three-stage workflow
to ensure consistency and data quality. First, we
perform interval selection and length standardiza-
tion to calibrate sequence windows, ensuring that
each sequence sufficiently covers the motifs or reg-
ulatory signals required for the task. Sequence ex-
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BCQ MCQ

Task Source Seq. Len Label
Counts Avg. Len Counts Avg. Len
Enhancer and Promoter Identification EPDnew,SCREEN 400 2 500 176 500 70
Splice Site Identification NT downstream tasks 600 3 500 254 500 94
Taxonomic Classification NCBI RefSeq 1000 3 500 402 500 146
Histone Mark Prediction NT downstream tasks 1000 10 500 419 500 176
TFBS Prediction ENCODE, JASPAR 100 20 500 61 500 31
TF Motif Prediction ENCODE, JASPAR 6-20 20 100 23 100 16

Table 1: The statistics of GenomeQA suite, where Source indicates the data source, Seq. Len refs to the length
of DNA sequence, and Label denotes the number of label sets. Avg. Len represents the average lengths of the
questions. We report the number of tokens after tokenization using the Llama-4 tokenizer.

traction is conducted using Bedtools (Quinlan and
Hall, 2010). Second, we remove overlapping sam-
ples in six tasks to reduce ambiguity and improve
label reliability. Third, a quality control filter is ap-
plied to exclude sequences containing ambiguous
nucleotide bases. (3) This process concludes with
a question formulation stage, where each validated
DNA sequence is instantiated into standardized
natural language templates. Example question tem-
plates are provided in Appendix A.1. All tasks are
presented in either Binary Choice Question (BCQ)
or Multiple Choice Question (MCQ) formats. By
constraining the answer space and standardizing
the question structure, GenomeQA provides a con-
trolled evaluation setting for assessing models’ abil-
ity to reason over raw DNA sequences.

3.2 Task Families

Enhancer and Promoter Identification. This
task focuses on distinguishing cis-regulatory ele-
ments in the human genome, specifically promoters
and enhancers. Promoter candidates are sourced
from EPDnew(Dreos et al., 2013), covering regions
from 299 base pairs (bp) upstream to 100 bp down-
stream of the transcription start site. Enhancer can-
didates are selected from the ENCODE SCREEN
database(Consortium, 2012), with each region cen-
tered and resized to match the length of promoter
sequences. To ensure that each 400-bp segment cor-
responds to a single regulatory element, we remove
overlapping regions both within and across datasets.
The label sets and label statistics are provided in
Section A.2.

Splice Site Identification. This task focuses
on human splice acceptor and donor sites. We
aggregate positive 600 bp windows from the NT
downstream tasks into a unified pool. After that,
we relabel windows overlapping by more than
350 bp as containing both elements, while dis-

carding those with shorter overlaps. For ques-
tions about the presence of splice sites, we intro-
duce composition-matched negatives by generat-
ing dinucleotide-preserving shuffled controls(Jiang
et al., 2008) at construction period, forcing models
to rely on higher-order motifs rather than simple
base composition cues. The label sets and label
statistics are provided in A.3.

Taxonomic Classification. This task evalu-
ates whether LLMs can recover broad taxonomic
groups from sequence alone. We sample 1 kbp frag-
ments from NCBI RefSeq(O’Leary et al., 2015)
assemblies representing eukaryote, prokaryote, and
virus. Each fragment is assigned a high-level la-
bel with approximately balanced sampling across
three groups. The complete species list and label
statistics are provided in A.4.

Histone Mark Prediction. This task focuses on
the identification of specific histone modifications
from genome sequences in human K562 cells. We
utilize 10 distinct histone marks from NT down-
stream tasks, retaining only positive 1 kbp windows.
To ensure unique classification, we remove over-
lapping windows so that each region is associated
with exactly one label. Beyond identifying individ-
ual marks , we further assess the model’s under-
standing of functional chromatin states by catego-
rizing some marks as either open(e.g., H3K4me3,
H3K27ac, H3K9ac) or repressive(e.g., H3K9me3,
H3K27me3). This multi-dimensional annotation
enables us to construct questions ranging from spe-
cific mark classification to broader chromatin ac-
cessibility that test whether the model perceives the
underlying functional similarities between differ-
ent histone modifications. The full histone mark
list and label statistics are provided in A.5.

TFBS Prediction. We design this task to eval-
uate whether LLLMs can accurately identify the
specific transcription factor binding sites (TFBS)
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present in a 100 bp genome window. We select
20 transcription factors (TF) with distinct motifs
and source their ChIP-seq peaks from ENCODE.
For each TF, we select peak intervals by placing
a 100 bp window around the summit and then re-
move any sample pairs that overlap by more than
70 bp. To obtain precise labels, we scan the remain-
ing sequences with FIMO(Grant et al., 2011) using
JASPAR position weight matrices (PWM), record-
ing all factors with motif instances in each window.
This multi-label dataset enables questions regard-
ing the presence of specific TFs. Additionally, we
use CTCF as a canonical architectural protein that
organizes chromatin loops and topologically as-
sociating domain (TAD) boundaries, constructing
questions that test whether models understand its
link to 3D genome architecture without naming the
factor explicitly. The complete TF list and label
statistics are provided in A.6.

TF Motif Identification. The final task focuses
on short motif instances underlying the TFBS pre-
diction task. Using the FIMO results described
above, we collect all motif instances for the same
20 transcription factors and deduplicate them, yield-
ing segments from 6 to 20 bp, each associated with
a single TF label. Although the questions are lin-
guistically simple, this task probes whether LLMs
encode any recognizable representation of canoni-
cal transcription factor motifs. The label sets and
label statistics are provided in A.7.

3.3 Dataset statistics

Table 1 provides a comprehensive overview of
GenomeQA, detailing the biological focus, data
sources, sequence lengths, label set sizes, volumes
and average length of question instances for each
task. Most tasks contribute 500 BCQs and 500
MCQs, while the simpler motif task includes 100
of each. Sequence lengths range from short motifs
(6-20 bp) to medium regulatory windows (100—400
bp) and large genome contexts (1 kbp), requiring
models to process both local patterns and broader
organizational structures. Figure 2 displays the dis-
tribution of correct answers across option positions
for all tasks. These distributions are nearly uniform,
confirming that answer keys are balanced and free
from position bias. Together, these metrics indicate
that GenomeQA is structurally balanced, ensuring
that evaluation results reflect genuine sequence un-
derstanding rather than dataset artifacts.
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Figure 2: Distribution of Options in BCQ (a) and MCQ
(b) of GenomeQA.

4 Experiments and Analysis

4.1 Experimental setup

We describe the baseline models, evaluated mod-
els, prompt configuration, and evaluation metrics
below.

Baseline Models. We include three supervised
baselines: a GC-content classifier, a 3-mer fre-
quency linear classifier, and DNABERT-2 fine-
tuned separately for each task family. These base-
lines provide both simple sequence-statistic ref-
erences and a representative genome foundation
model baseline beyond random guessing. To en-
sure fair comparison, all three baselines are trained
on a shared supervised dataset aligned with the
six GenomeQA task families using the same train/-
validation splits. We report these models as task-
specific reference points, since they require super-
vised adaptation. Full dataset statistics and training
details are provided in Appendix D.

Evaluated Models. We evaluate six state-of-
the-art general large language models to assess
their capabilities on genome data. The model
set includes proprietary frontier models: Claude-
Sonnet-4.5(Anthropic, 2025)2, GPT-5.1 (OpenAl,
2025)°, Gemini-3-Pro(Google, 2025)*, Grok-

"Developed by Anthropic.
*Developed by OpenAl
*Developed by Google. We use Gemini-3-Pro-Preview.
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4.1(xAI 2025)°, Llama-4(Meta, 2025)%, Qwen3-
Max(Alibaba, 2025)7. We enable thinking mode
whenever supported for all models to maximize
their potential for complex biological deduction.

Prompt Settings. We use a single fixed sys-
tem prompt across all tasks and models, with de-
tails provided in Appendix B. No task-specific few-
shot examples are included. The prompt provides
domain-relevant guidance and a standardized out-
put format for analyzing sequence signals (e.g., mo-
tifs and base composition), ensuring consistency
across models while minimizing variation due to
prompt design.

Metrics. We report both classification accuracy
and weighted-F1. Since the answer options are
randomly permuted and correspond to raw DNA
sequences rather than stable semantic labels, we
evaluate predictions at the option-letter level. Full
weighted-F1 results are provided in Appendix E.

Statistical Uncertainty and Significance. To
assess whether the observed performance differ-
ences are statistically reliable, we report confidence
intervals and significance tests for each task setting.
Full results are provided in Appendix F.

4.2 Main Results

Table 2 and Figure 3 summarize the performance of
the evaluated models on GenomeQA under BCQ
and MCQ settings. We highlight three observa-
tions. (1) Frontier LLLMs outperform random
baselines but show substantial performance vari-
ation across tasks. Among the evaluated models,
Gemini-3-Pro achieves the highest average accu-
racy (66.27% on BCQ and 60.87% on MCQ), with
Claude-Sonnet-4.5, GPT-5.1, and Grok-4.1 form-
ing a closely clustered second tier. In contrast,
Llama-4 and Qwen3-Max exhibit lower overall
accuracy (e.g., Qwen3-Max achieves 56.87% on
BCQ and 41.38% on MCQ). These results indi-
cate that, even for the strongest models, perfor-
mance on GenomeQA remains weak and inconsis-
tent across tasks. (2) Model performance corre-
lates with task complexity and the depth of rea-
soning required for each task. As shown in Fig-
ure 3, Large language models achieve respectable
accuracy on Enhancer and Promoter Identification,
Taxonomic Classification, and TF Motif Prediction
as these questions are formatted as direct pattern

SDeveloped by xAL We use Grok-4.1-Fast.

®Developed by Meta. We use Llama-4-Maverick-17B-
128E-Instruct.

"Developed by Alibaba. We use Qwen3-Max-Preview.

Claude-Sonnet-4.5
GPT-5.1

Llama-4
Qwen3-Max

Gemini-3-Pro
Grok-4.1
(a)

Enhancer and Promoter
Identification

Splice Site

TF Motif dentification

Predictiol

TFBS

Predictiol Taxonomic

Classification

Histone Mark
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Figure 3: Performance comparison of frontier LLMs
across the six GenomeQA tasks under (a) BCQ and (b)
MCQ settings. Scores are reported as task-wise accu-
racy (%). Numerical annotations indicate the highest
accuracy achieved for each task.

recognition. In contrast, performance drops signifi-
cantly on Splice Site Identification, Histone Mark
Prediction, and TFBS Prediction. These difficult
tasks involve more complex genome signals such
as the long-range patterns of histone marks. Fur-
thermore, the framework incorporates indirect rea-
soning to increase the complexity of these specific
tasks. The consistently low accuracy across these
categories proves that current LLMs struggle to
execute indirect reasoning when they encounter in-
tricate genome data. We also evaluate balanced and
oversampled subsets separately and the main model
rank and qualitative conclusions remain unchanged.
Detailed results are reported in Appendix G. (3)
Multiple choice formats enhance relative dis-
crimination. The random baselines are 50.00%
for BCQ and 25.00% for MCQ, with empirical
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Model Thinkin Enhancer and Promoter  Splice Site Taxonomic  Histone Mark TFBS TF Motif
g Identification Identification Classification Prediction Prediction Prediction
BCQ
Claude-Sonnet-4.5 Y 69.00 53.20 61.60 53.80 56.60 64.00 59.70
GPT-5.1 Y 70.60 54.40 64.60 53.20 55.80 66.00 60.77
Gemini-3-Pro Y 67.80 50.00 78.80 57.20 59.80 84.00 66.27
Grok-4.1 Y 67.60 47.60 63.80 53.20 54.60 69.00 59.30
Llama-4 N 55.40 50.00 57.00 52.60 51.60 73.00 56.60
Qwen3-Max Y 60.60 49.80 60.60 51.20 54.00 63.00 56.53
GC-classifier N 74.60 56.00 70.00 54.80 52.60 51.00 59.83
3mer-classifier N 81.80 55.00 94.80 56.60 58.60 70.00 69.47
DNABERT2 N 91.20 71.80 99.20 65.60 60.60 67.00 75.90
Random N 50.00
MCQ
Claude-Sonnet-4.5 Y 59.00 28.40 64.60 35.80 48.00 81.00 52.80
GPT-5.1 Y 62.60 26.80 61.00 36.20 50.20 77.00 52.30
Gemini-3-Pro Y 66.00 33.40 77.00 37.80 59.00 92.00 60.87
Grok-4.1 Y 56.20 25.80 61.20 33.40 48.40 79.00 50.67
Llama-4 N 36.00 26.00 56.20 31.60 34.40 65.00 41.53
Qwen3-Max Y 43.00 25.80 52.80 33.20 45.20 72.00 45.33
GC-classifier N 57.00 25.20 54.40 35.40 41.60 37.00 41.77
3mer-classifier N 69.40 28.20 91.00 35.60 51.20 57.00 55.40
DNABERT2 N 82.80 52.80 98.40 48.20 66.60 54.00 67.13
Random N 25.00

Table 2: Overall results of LLMs on GenomeQA. Thinking denotes whether the model utilizes Chain-of-Thought
reasoning. The table reports the classification accuracy (%) for each subtask and Avg. denotes the average accuracy.
The best and second-best performances in each task are highlighted in bold and underlined, respectively.

validation provided in Appendix C. Although ab-
solute accuracy is naturally lower in the multiple
choice setting, the relative improvement over the
baseline is substantially higher. This trend occurs
as the format shifts the task from absolute verifica-
tion to comparative ranking. Unlike isolated binary
decisions, the provided options serve as contex-
tual anchors that narrow the search space, enabling
models to evaluate relative likelihoods among can-
didates. Consequently, the performance gain over
chance is approximately two-fold higher than in
the binary setting. This indicates that the compara-
tive structure effectively leverages the probabilistic
ranking capabilities of models to reduce classifica-
tion noise more robustly than direct verification.

4.3 Impact of Thinking Process

To examine the benefits of the explicit reasoning
process, we evaluate selected LLMs equipped with
the thinking mode. The goal is to assess their abil-
ity to perform step-by-step deductions and improve
performance on complex genome tasks. We com-
pare the performance of GPT-5.1 and Qwen3-Max
by enabling and disabling their thinking features
across both binary and multiple-choice settings.
As shown in Table 3, the integration of the think-
ing process leads to consistent performance gains.

model Thinking BCQ MCQ

v 60.77 52.30

GPT-5.1 b'e 58.03 43.97
v 56.53 45.33

Qwen3-Max X 5457  40.80

Table 3: Performance comparison of LLMs with and
without the thinking process on GenomeQA. The table
reports the accuracy percentages on BCQ and MCQ.

Specifically, GPT-5.1 achieves a significant im-
provement in the multiple-choice setting, where
the accuracy increases from 43.97% to 52.30%.
This represents a notable enhancement in its ability
to filter out distractors. Qwen3-Max also exhibits
improvements, although the margins are smaller
compared to GPT-5.1. For instance, its binary clas-
sification accuracy rises from 54.57% to 56.53%.
The disparity in gains between the two models sug-
gests that the effectiveness of the thinking mode
depends heavily on the underlying domain knowl-
edge of the base model. These results underscore
the importance of enabling thinking capabilities to
handle the intricate reasoning required for genome
sequence analysis.
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4.4 TImpact of Implicit Target Inference

We design a controlled comparison to evaluate
model performance on questions that require an
additional inference step beyond direct sequence
recognition. We focus on CTCF-related instances
in the TFBS Prediction task. CTCEF is a canon-
ical transcription factor whose binding sites are
strongly associated with higher-order chromatin
organization, including chromatin loops and topo-
logically associating domains (TADs). As a result,
questions about 3D genome structure can implicitly
point to CTCF, which must then be linked back to
sequence-level evidence. Specifically, we construct
two question variants over the same underlying
sequence set. In the direct setting, the question ex-
plicitly names the target (CTCF) and asks whether
the sequence contains a CTCF binding site, which
can be answered by direct pattern recognition. In
the indirect setting, the question does not mention
CTCEF and instead asks whether the sequence is
associated with the formation of chromatin loops
or TAD boundaries. Answering this variant re-
quires a multi-step mapping: (i) infer the relevant
regulatory factor implied by the functional descrip-
tion (CTCF), and (ii) evaluate whether the input se-
quence contains sequence patterns consistent with
that factor. As shown in Table 4, making the tar-
get explicit substantially improves accuracy across
models. For example, in the multiple-choice set-
ting, Claude-Sonnet-4.5 and GPT-5.1 increase from
27.11% to 63.86%, and Gemini-3-Pro increases
from 44.58% to 67.47%. In contrast, performance
in the inference setting is often close to the random
baseline. These results suggest that the additional
target-inference step is a major source of difficulty
in this setting.

4.5 Failure Case Study

Figure 4: Distribution of failed cases.

To gain a deeper understanding of the limitations

Model BCQ MCQ
w/ w/o w/ w/o

Claude-Sonnet-4.5 68.07 54.22 63.86 27.11
GPT-5.1 68.07 5241 6386 27.11
Gemini-3-Pro 7470 60.24 67.47 44.58
Grok-4.1 6145 54.82 5843 27.11
Llama-4 58.43 50.00 37.95 24.10
Qwen3-Max 67.47 4578 6745 24.10

Table 4: Impact of implicit target inference on TFBS
prediction task. The table reports accuracy percentages
where w/ denotes the target (CTCF) is explicitly named,
allowing direct pattern recognition and w/o denotes the
implied target setting.

of current LLMs in genome analysis, we analyze
200 error samples produced by Gemini-3-Pro. As
shown in Figure 4, our qualitative analysis catego-
rizes these failures into four distinct types, reveal-
ing the cognitive disconnect between general LLM
and the rigorous requirements of genomics. Details
are provided in Appendix L.

Sequence Motif Over-reliance (SMO, 47 %).
Failures occur when models rely on general se-
quence elements while neglecting specific details.
For instance, in Histone Mark Prediction, the
model incorrectly classifies an open Alu repeat as
closed (Su et al., 2014). It simply applies the gen-
eral rule that transposable elements are repressed
and overlooks the high GC content of this specific
element.

Base Composition Over-reliance (BCO, 32%).
Failures occur when models rely on statistical sum-
maries while ignoring structural patterns. For in-
stance, in Taxonomic Classification, the model in-
correctly identifies a virus as a prokaryote. It uses
the high GC content as a shortcut and ignores the
specific gene organization that actually points to a
virus.

Character Fidelity Loss (CFL, 13%). Models
frequently lose character-level fidelity in long se-
quences, leading to the fabrication of non-existent
sub-sequences to support their claims. In Enhancer
and Promoter Identification, the model hallucinates
a specific motif sequence as evidence that does not
actually exist within the input sequence.

Noise Distinction Failure (NDF, 8 %). Failures
occur when models fail to recognize meaningless
patterns in shuffled negative samples. For instance,
in Splice Site Identification, the model analyzes a
randomized control sequence. It fails to detect the
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random nature of the input and performs a pseudo-
analysis to incorrectly classify it as a splice site.

5 Conclusion

We introduce GenomeQA, a benchmark designed
to support systematic evaluation of general-purpose
large language models on sequence-based genome
inference tasks. By curating biologically grounded
tasks across multiple genomic contexts and adopt-
ing standardized question formats, GenomeQA pro-
vides a controlled evaluation setting for analyz-
ing model performance on raw DNA sequences.
Our experimental results show that current LLMs
can leverage certain local sequence signals but ex-
hibit substantial performance variation across tasks,
particularly when targets are implicit or require
additional inference steps. These findings high-
light both the current limitations of general-purpose
LLMs in this setting and the need for more reliable
evaluation tools. We hope GenomeQA will serve
as a useful diagnostic resource for future research
on genome-aware language modeling and the inte-
gration of LLMs with genomic data.

Limitations

We acknowledge three primary limitations of this
work. (1) Benchmark scale. Evaluating multiple
frontier LLMs under thinking-enabled settings in-
curs substantial computational cost. For example,
Claude-Sonnet requires on the order of minutes to
process a single sample, and Qwen3-Max can take
even longer. To balance inference cost with task
coverage, we curate a high-quality but moderately
sized dataset. As a result, while GenomeQA is
suitable for systematic evaluation, its current scale
is not intended for full-parameter fine-tuning of
large models. (2) Task scope. GenomeQA focuses
on foundational sequence-based tasks such as mo-
tif recognition and coarse taxonomic classification.
More complex biological problems, including vari-
ant effect prediction, and gene expression model-
ing, are not covered. These tasks typically require
much longer sequences that exceed current context
window limits and depend on additional modali-
ties such as chromatin accessibility, histone modi-
fications, and three-dimensional genome structure.
Extending GenomeQA to incorporate such multi-
omics signals is an important direction for future
work. (3) Confidential Intervals. A further limi-
tation is that our reported uncertainty is based on
single-run evaluations. While Wilson intervals and

exact binomial tests quantify finite-sample uncer-
tainty over benchmark questions, they do not cap-
ture cross-run variation arising from API stochas-
ticity or backend nondeterminism. Repeated-run
evaluation is an important direction for future work.
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A Details for GenomeQA construction

A.1 Question Templates

As described in Section 3.1, we formulate two
distinct question types: Binary Choice Questions
(BCQ) and Multiple Choice Questions (MCQ). For
each type, we curate a set of templates that were
generally applied consistently across most tasks.
While the template structure remains largely con-
sistent across most tasks, we introduce specialized
templates for the Splice Site Prediction, Histone
Mark Prediction, and Transcription Factor Binding
Site (TFBS) Prediction tasks to slightly increase
the complexity of the tasks. Comprehensive ex-
amples of these templates are presented in Table
5.

A.2 Enhancer and Promoter Identification

A.2.1 Label Sets and Entity List

For the Enhancer and Promoter Identification task,
the label set is comprised of enhancer and promoter.

A.2.2 Label Statistics

In this task, each sequence corresponds to a single,
mutually exclusive label. We analyze the distri-
bution of question types to verify dataset balance,
as described in Figure 5(a) and Figure 5(b). In
the Binary Choice Questions, the distribution is
nearly symmetrical with 257 questions targeting en-
hancers and 243 targeting promoters. Similarly, the
Multiple Choice Questions maintain this balanced
approach featuring 244 enhancer-related queries
and 256 promoter-related queries. This uniform
distribution ensures that the model is evaluated
equally on its ability to identify both regulatory
elements.

A.3 Splice Site Identification

A.3.1 Label Sets and Entity List

For the Splice Site Identification task, the label set
is comprised of acceptor, donor and both patterns.

A.3.2 Label Statistics

In this task, each sequence corresponds to a single
splice site category. In the Binary Choice Ques-
tions, the distribution remains relatively compara-
ble across the three classes, with 176 questions
targeting acceptors, 188 targeting donors, and 136
focusing on dual-site sequences. This balance ex-
tends to the Multiple Choice Questions, which
feature an almost perfect split: 172 acceptor, 163

donor, and 165 both-related queries. Such a dis-
tribution guarantees that the performance metrics
reflect a holistic understanding of all splice site
configurations rather than a bias toward a specific
type. The details are provided in Figure 5(c) and
Figure 5(d).

A.4 Taxonomic Classification

A.4.1 Label Sets and Entity List

In this task, the label set encompasses Eukaryote,
Prokaryote, and Virus categories. We source eu-
karyotic sequences from Homo sapiens, Mus mus-
culus, and Sus scrofa. For Prokaryotes, we se-
lect three common bacterial species. To address
the shorter length of viral DNA, we utilize 9 viral
species to ensure a sufficient number of candidate
samples. Table 6 provides detailed specifications.

A.4.2 Label Statistics

In this task, each sequence corresponds to a single
taxonomic category, classifying inputs as Eukary-
ote, Prokaryote, or Virus. We analyze the distri-
bution of question types to verify dataset balance,
as described in Figure 5(e) and Figure 5(f). In
the Binary Choice Questions, the dataset exhibits
a well-proportioned composition across the three
domains, with 170 questions targeting eukaryotes,
150 targeting prokaryotes, and 180 focusing on
viral sequences. This balanced structure is mir-
rored in the Multiple Choice Questions, which fea-
ture a comparable distribution: 177 eukaryote, 165
prokaryote, and 158 virus-related queries. Such
uniform coverage ensures that the model is rigor-
ously evaluated on its ability to distinguish genome
signatures across diverse biological domains with-
out bias.

A.5 Histone Mark Prediction
A.5.1 Label Sets and Entity List

We utilize all 10 histone marks from the down-
stream Nucleotide Transformer dataset for the
recognition task. Building on this, we select five hi-
stone marks to construct the chromatin accessibility
task, consisting of three marks from open regions
and two from closed regions. The "Undefined" rep-
resents the normal usage. Table 7 contains detailed
information.

A.5.2 Label Statistics

In this task, each sequence corresponds to a sin-
gle histone modification mark. The detailed in-
formation are provided in Figure 5(g) and Figure
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Figure 5: Label statistics for all tasks. The charts display the distribution of question types for BCQ and MCQ.
(a)-(b): Enhancer and Promoter Identification. (c)-(d): Splice Site Identification. (e)-(f): Taxonomic Classification.
(g)-(h): Histone Mark Prediction. (i)-(j): TFBS Prediction. (k)-(1): TF Motif Prediction.
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Type Examples

Note

Does the Human DNA sequence {seq} contain any {target}?
Does this Human DNA sequence contain authentic {target}? Sequence: {seq}

{seq} represents a sequence, {target} is the query label
Specifically used in Splice-Site Prediction

BCQ Consider the chromatin state in K562 cells. Is this Human DNA sequence located in an {state} region? Sequence: {seq} Specifically used in Histone Mark Prediction
We are looking for a sequence bound by the master regulator of chromatin looping and insulation. Is this sequence a match? {seq} Specifically used in TFBS prediction
Which of the following Human DNA sequences contains a {target}? {target} is the query label
MCQ There is an exception in this group. While three sequences contain {targetl }, one actually harbors a {target2}. Can you find it? {targetl } and {target2} represent query labels
Determine the chromatin accessibility state of this K562 sequence: {seq} Specifically used in Histone Mark Prediction
‘Which of the following Human DNA sequence is associated with the formation of chromatin loops and TAD boundaries? Specifically used in TFBS prediction
Table 5: Question Templates in GenomeQA.
3D Genome Selected TFs
Related CTCF
Unrelated SP1, GABPA, E2F1, TEAD4, NRF1
Undefined REST, EGRI1, YY1, ZBTB33, FOXA1, JUN, MAX
SRF, MEF2A, RELA, STAT1, NR3C1, POUS5F1, GATA2
Table 8: TFs in TFBS Prediction.
Taxonomy Species NCBI Accession able 8 s S Predictio
Homo sapiens GCF_000001405.40
Eukaryote Mus musculus GCF_000001635.27 . A . L. A .
Sus scrofa GCF_000003025.6 5(h). Unlike the strictly uniform distributions in
Escherichia coli GCF_000005845.2 other tasks, the data here reveals an intentional
Prokaryote Staphylococcus aureus GCF_000013425.1 . : : : _
Boeillns subtilis GCF_000009043.1 s.kew in poth Blr.lary e.md Multlple.Chmce Ques
Bacteriophage phiX174 NC_001422.1 tions. This deviation arises from the introduction of
Simian virus 40 NC_001669.1 a Chromatin Accessibility reasoning dimension. To
Parvovirus B19 NC_000883.2 . . .
Human papillomavirus type 16 NC_001526.4 construct questions specifically focusing on open
Virus Human adenovirus 5 NC_001405.1 versus closed chromatin states, we prioritized a
Enterobacteria phage lambda NC_001416.1 . . .
Human alphaherpesvirus 1 NC._001806.2 sub.set of five markers: three associated with open
Pandoravirus salinus NC_022098.1 regions (H3K4me3, H3K27ac, H3K9ac) and two
Megavirus chilensis NC_016072.1 . .
Acanthamoeba polyphaga mimivirs  NC_014649.1 with closed regions (H3K9me3, H3K27me3). Con

Table 6: Species in Taxonomic Classification task.

Chrom. State Selected Histone Marks

Open H3K4me3, H3K9ac, H3K27ac
Close H3K9me3, H3K27me3
Undefined H2AFZ, H3K4mel

H3K4me2, H3K36me3, H4K20mel

Table 7: Histone marks in the Histone Mark Prediction
task. Chrom. State indicates the chromatin state.

sequently, questions targeting these five labels ap-
pear significantly more frequently than those tar-
geting the remaining markers in the set, reflecting a
design choice to stress-test the model’s understand-
ing of chromatin structure.

A.6 TFBS Prediction
A.6.1 Label Sets and Entity List

As described in Section 3.2, we select 20 transcrip-
tion factors with distinct motif patterns from the
JASPAR database, as Figure 6 illustrates. On this
basis, we choose six factors to construct the 3D
genome structure correlation task. Among these,
CTCEF associates with 3D architecture through its
role in forming TADs and loops. The label Unde-
fined indicates standard usage without contributing
to additional problem dimensions. Table 8 provides
detailed specifications.

A.6.2 Label Statistics

In this task, while genome sequences naturally con-
tain multiple binding motifs (multi-label), each
question interrogates the presence of a specific tar-
get Transcription Factor selected from a set of 20.
The details are provided in Figure 5(i) and Figure
5(j). Similar to the Histone Mark task, the data ex-

35784



A | O Y Y e 11 o

CTCF E2F1 EGR1 FOXA1

1 P R 1

collTh otk I G - ATechat
ATW il :CC@( J00R0E * CCAAATA

cATTCCs * MATHe 70T,

STATI TEAD4 YY1 ZBTB33

Figure 6: Motifs in TFBS Prediction.

hibits a deliberate distributional skew across both
Binary and Multiple Choice Questions. To evaluate
the model’s understanding of chromatin architec-
ture, we significantly oversampled six specific TFs:
CTCEF, a key architectural protein facilitating TADs
and loops, and SP1, GABPA, E2F1, TEAD4, and
NRF1. Consequently, questions targeting these six
factors dominate the statistics compared to the re-
maining 14 labels, prioritizing the assessment of
structural regulatory logic over a uniform distribu-
tion.

A.7 TF Motif Identification

A.7.1 Label Sets and Entity List

‘We use the same label set as in the TFBS task. In
this task, we do not differentiate between whether
a factor is associated with 3D genome structure.

A.7.2 Label Statistics

In this task, each sequence corresponds to a single
dominant motif selected from a set of 20 transcrip-
tion factors. The statistics are shown in Figure 5(k)
and Figure 5(1). In the Binary Choice Questions,
the sampling is uniformly distributed across the 20
categories, ensuring no single motif dominates the
evaluation. Similarly, the Multiple Choice Ques-
tions maintain this balanced approach, featuring
an equitable distribution of target queries across
the entire label set. This uniform coverage guar-
antees that the model’s ability to recognize short
consensus patterns is tested fairly across diverse
biological contexts without class bias.

B System Prompt Optimization

To ensure that the evaluation accurately reflects
the genome reasoning capabilities of Large Lan-
guage Models (LLMs) rather than their sensitiv-

ity to prompt engineering, we conduct an ablation
study to derive an optimized system prompt. This
prompt aims to maximize the models’ ability to in-
terpret DNA sequences by providing clear domain
constraints and reasoning protocols.

B.1 Development Set Construction

To balance computational cost with statistical rep-
resentativeness, we construct a small-scale devel-
opment set comprising 90 samples. We employ
a stratified sampling strategy by randomly select-
ing three samples for each unique combination
of problem type, task category, and specific prob-
lem dimension. This selection spans binary and
multiple-choice formats across tasks such as TFBS
prediction and splice site identification, including
specific dimensions like 3D genome structure cor-
relation. This compact yet diverse dataset serves as
the testbed for iterative prompt refinement.

B.2 Optimization Strategy

The optimization process follows a two-stage itera-
tion starting with a baseline prompt generated by
Gemini 3 Pro, as Figure 7 illustrates. This initial
text provides a general persona of a computational
biology expert and standard instructions to ana-
lyze sequences. We conduct manual error analysis
on the model outputs and observe that models fre-
quently hallucinate constraints or refuse to answer
due to a perceived lack of evidence. To address
this, we manually refine the text into the Optimized
System Prompt presented in Figure 8. Key en-
hancements include explicitly instructing models
to choose the most likely option based on proba-
bilistic signals, defining six specific biological do-
mains to narrow the search space, and mandating
a structured analysis of motif organization. This
final requirement specifically aids in distinguishing
real sequences from dinucleotide-preserved shuf-
fled controls.

B.3 Performance Validation

We evaluate the effectiveness of the optimized
prompt against the baseline across six LLMs on
the development set. As the ablation studies in
Table 9 and Table 10 demonstrate, the optimized
prompt consistently matches or outperforms the
baseline version. Across all six evaluated mod-
els, the optimized prompt yields performance gains
in at least three out of six tasks per model. The
improvement is particularly notable in tasks requir-
ing subtle pattern recognition, where the explicit
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Base Prompt

related to genome sequence analysis.

Please follow these instructions:

Strictly follow the following output format:
### Analysis
[Concise analysis in 1-3 sentences]

### Answer
Answer: [Option Letter]

-

You are an expert in Computational Biology and Bioinformatics.

You will be provided with a specific question and a set of options. The DNA sequences may appear
in the question description or within the options themselves.

1. Identify the specific biological task (e.g., distinguishing enhancer vs. promoter).

2. Briefly analyze the key sequence features or biological context relevant to the question. Keep
this analysis concise (1-3 sentences) to justify your choice.

3. Select the most accurate option letter (e.g., A, B, C, D) .

Your task is to solve problems

/

Figure 7: The Base Prompt used as a baseline. It contains only basic task descriptions and formatting instructions

without domain-specific reasoning guidance.

instruction to avoid hedging forces models to lever-
age weak biological signals for decision-making.

C Empirical Baseline Verification

To validate the reliability of using theoretical proba-
bility as a performance floor, we calculate empirical
random baselines by simulating random guessing
across all evaluation tasks. We compare these em-
pirical values against the standard theoretical ex-
pectations of 50.00% for Binary Choice Questions
(BCQ) and 25.00% for Multiple Choice Questions
MCQ).

As presented in Table 11, the empirical results
align closely with theoretical expectations. The av-
erage empirical accuracy across all tasks is 51.17%
for BCQ and 25.23% for MCQ, exhibiting only
negligible deviations from the theoretical values.
The overall consistency confirms that the theoreti-
cal baselines serve as accurate and fair proxies for
zero-knowledge performance in our main analysis.

D Additional Baseline Details

D.1 Supervised Genomic Baselines

We include three additional baselines to comple-
ment the zero-shot evaluation of frontier LLMs:
(i) a GC-content classifier, (ii) a 3-mer frequency
linear classifier, and (iii) DNABERT-2 fine-tuned
separately for each task family.

GC-content classifier. For each sequence, we
compute the GC fraction as a single scalar feature.
We fit Gaussian Naive Bayes for Tasks 1/2/3/4/6

and independent per-label Gaussian models for the
multi-label TFBS task (Task 5).

3-mer classifier. We represent each sequence us-
ing overlapping 3-mer frequency features and train
a logistic regression classifier. For TFBS, we use
one-vs-rest binary classifiers for each label.

DNABERT-2. We use DNABERT-2 as a repre-
sentative genome foundation model and fine-tune
one model per task family. Each model is trained
for 5 epochs with 50-step warm-up to a peak learn-
ing rate of 3 x 1072, followed by cosine decay.

D.2 Shared Fine-tuning Dataset

All three baselines are trained on the same super-
vised train/validation splits aligned with the six
GenomeQA task families. Table 12 summarizes
the dataset sizes and task types.

E Additional Evaluation Metrics

To complement accuracy, we report option-level
weighted F1 for both BCQ and MCQ settings. We
treat the predicted choice letter as the class label
(A/B for BCQ; A/B/C/D for MCQ) and compute
weighted F1 over these option classes. As shown
in Table 13, weighted F1 exhibits the same overall
trends and model rankings as accuracy.

F Statistical Uncertainty Analysis

For each model x task x format setting, we treat
each question as an independent Bernoulli trial
and compute a Wilson 95% confidence interval for
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BCQ (33 samples)

Model Enhancer and Promoter Splice Site Taxonomic Histone Mark TFBS TF Motif A No. Task
Identification Identification  Classification Prediction Prediction Prediction e %Vir?ss
Base Opt. Base  Opt. Base Opt. Base  Opt. Base  Opt. Base Opt. Base  Opt.

Claude-Sonnet-4.5  100.00 66.67 4444 2222 3333 100.00 3333 50.00 66.67 5556 66.67 66.67 5741 60.19 3
GPT-5.1 100.00 100.00 88.89 44.44 100.00 66.67 66.67 66.67 5556 66.67 3333 100.00 74.07 74.07 4
Gemini3-Pro 66.67 100.00 4444 55.56 100.00 100.00 50.00 3333 77.78 77.78 100.00 100.00 73.15 77.78 5
Grok-4.1 100.00 100.00 3333  66.67 66.67 66.67 33.33 50.00 66.67 66.67 3333 66.67 5556 69.44 6
Llama4 66.67 66.67 55.56 55.56 66.67 66.67 8333 8333 77.78 66.67 0.00 66.67 58.33 67.59 5
Qwen3-Max 0.00 100.00 66.67 7778 66.67 66.67 50.00 83.33 66.67 5556 100.00 66.67 5833 75.00 4

Table 9: Ablation study on Binary Choice Questions. Performance comparison between the initial and refined
prompts on the 33-sample BCQ development set. Base denotes the Base System Prompt and Opt. denotes the
Optimized System Prompt. Avg. represents the average accuracy across all six tasks. No. Task Wins indicates the
number of tasks where the optimized prompt achieved equal or higher accuracy than the base prompt. Bold values
highlight instances where the optimized prompt resulted in improved or equivalent performance compared to the
baseline.

MCQ (57 samples)

Model Enhancer and Promoter  Splice Site Taxonomic  Histone Mark TFBS TF Motif A No. Task
Identification Identification  Classification Prediction Prediction Prediction Ve V'Vins
Base Opt. Base  Opt. Base Opt. Base Opt. Base Opt. Base Opt. Base  Opt.

Claude-Sonnet-4.5 66.67 77.78 4444 3333 7778 88.89 40.00 66.67 44.44 66.67 83.33 8333 5944 69.44 5
GPT-5.1 44.44 77.78 11.11 2222 66.67 66.67 40.00 53.33 4444 5556 100.00 83.33 51.11 59.81 5
Gemini3-Pro 66.67 55.56 2222 44.44 100.00 88.89 40.00 46.67 2222 44.44 100.00 100.00 58.52 63.33 4
Grok-4.1 44.44 44.44 3333 2222 5556 44.44 3333 40.00 77.78 66.67 100.00 100.00 57.41 52.96 3
Llama4 33.33 11.11 11.11 1111 77.78 5556 46.67 46.67 5556 66.67 66.67 83.33 48.52 4574 4
Qwen3-Max 55.56 44.44 11.11 1111 66.67 77.78 33.33 40.00 77.78 5556 83.33 83.33 54.63 52.04 4

Table 10: Ablation study on Multiple Choice Questions. Performance comparison on the 57-sample MCQ
development set. Base denotes the Base System Prompt and Opt. denotes the Optimized System Prompt. Avg.
represents the average accuracy across all six tasks. No. Task Wins indicates the number of tasks where the
optimized prompt achieved equal or higher accuracy than the base prompt. Bold formatting signifies that the
optimized prompt achieved performance parity or improvement over the base prompt.

Task BCQ MCQ Task Train ~ Val Labels Task Type
Enhancer and Promoter .
Enhancer and Promoter Identification 10000 2500 2 Multi-class
Identification 51.40 25.80 Splice Site Identification 11384 2846 4 Multi-class
. ] . . Taxonomic Classification 8479 2120 3 Multi-class
Splice Site Identification 52.00 24.00 Histone Mark Prediction 20000 5000 10 Multi-class
Taxonomic Classification 50.80 28.20 TFBS Prediction 12050 3010 20 Multi-label
. L ) ’ TF Motif Prediction 7060 1765 20  Multi-class
Histone Mark Prediction 49.60  23.00
TFBS Prediction 49.20 22.40 Table 12: The statistics of finetuning dataset.
TF Motif Prediction 54.00 28.00
Avg 51.17 2523 ports overall average accuracies together with 95%

confidence intervals to contextualize the stability
of the model ordering. These analyses quantify
finite-sample uncertainty under a single evaluation
run and should not be interpreted as repeated-run
variance estimates.

Table 11: Empirical random baseline accuracy (%)
across different tasks in GenomeQA.

accuracy. We test whether performance exceeds
random chance using a one-sided exact binomial
test, with chance levels of 0.50 for BCQ and 0.25
for MCQ. We then apply Benjamini-Hochberg cor-

G Balanced and Oversampled Slice
Analysis

rection across all tested settings.

Table 14 reports per-task summary confidence in-
tervals and the number of models that significantly
outperform chance after correction. Table 15 re-

Histone Mark Prediction and TFBS Prediction in-
clude intentionally oversampled stress labels in the
full benchmark. To verify that the main conclu-
sions are not driven solely by this distributional
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Model Thinkin Enhancer and Promoter  Splice Site Taxonomic  Histone Mark TFBS TF Motif Av
g Identification Identification Classification Prediction Prediction Prediction 8
BCQ
Claude-Sonnet-4.5 Y 69.01 53.11 61.57 53.74 56.50 64.09 59.67
GPT-5.1 Y 70.59 54.37 64.60 53.16 55.74 66.05 60.75
Gemini-3-Pro Y 67.81 50.00 78.77 57.20 59.80 84.04 66.27
Grok-4.1 Y 67.57 47.59 63.76 53.13 54.51 69.08 59.27
Llama-4 N 55.03 49.58 56.37 51.96 51.41 71.06 55.90
Qwen3-Max Y 60.50 49.75 60.60 51.11 53.71 63.03 56.45
MCQ
Claude-Sonnet-4.5 Y 59.00 28.32 64.62 35.64 47.98 81.04 52.77
GPT-5.1 Y 62.64 26.75 60.95 36.25 50.07 76.92 52.26
Gemini-3-Pro Y 66.05 3342 77.01 37.73 58.95 92.08 60.87
Grok-4.1 Y 56.18 25.74 61.17 33.01 48.44 78.71 50.54
Llama-4 N 36.22 26.07 56.13 30.13 33.77 65.03 41.23
Qwen3-Max Y 43.04 25.72 52.72 32.89 45.19 71.88 45.24
Table 13: Overall weighted-F1 results of LLMs on GenomeQA.
Task BCQ Avg. Acc (95% CI) BCQ: Models Beating Chance MCQ Avg. Acc (95% CI) MCQ: Models Beating Chance
Enhancer and Promoter 5 5. 163 4 66,9 6/6 53.8% [52.0, 55.6] 6/6
Identification
Splice Site 50.8% [49.0, 52.6] 1/6 27.7% [26.1, 29.3] 2/6
Identification
Taxonomic 64.4% [62.7, 66.1] 6/6 62.1% [60.4, 63.9] 6/6
Classification
Histone Mark 53.5% [51.7, 55.3] 2/6 34.7% [33.0, 36.4] 6/6
Prediction
TF.BS 55.4% [53.6,57.2) 5/6 47.5% [45.8, 49.3] 6/6
Prediction
TF quf 69.8% [66.0, 73.4] 6/6 77.7% [74.2, 80.8] 6/6
Prediction

Table 14: Per-task confidence intervals and significance against chance. For each task under BCQ and MCQ, we
report the mean accuracy across models with Wilson 95% confidence intervals, and the number of models whose
performance significantly exceeds the random baseline (0.50 for BCQ; 0.25 for MCQ) under a one-sided exact
binomial test with Benjamini-Hochberg correction.
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Model Avg. Acc 95% CI
Gemini 63.60 [62.20, 64.90]
GPT-5.1 56.50 [55.00, 58.10]
Claude 56.30 [54.80, 57.80]
Grok 55.00 [53.50, 56.50]
Qwen3 50.90 [49.40, 52.50]
Llama4 49.10 [47.50, 50.60]

Table 15: Overall model accuracies with Wilson 95%
confidence intervals. The intervals quantify finite-
sample uncertainty under the observed single evalua-
tion run and are used to contextualize the overall model
ordering, rather than to claim pairwise ranking signifi-
cance.

skew, we separately report results on a balanced
slice and an oversampled (stress) slice for both
BCQ and MCQ. As shown in Tables 16, the over-
all model ordering remains broadly stable across
the two slices. In TFBS Prediction, the oversam-
pled stress subset is substantially harder, especially
for questions involving CTCF/3D-genome-related
signals, whereas for Histone Mark Prediction the
stress subset can be easier because it emphasizes
coarser chromatin-state patterns.

H Details of Thinking Mode

To improve reproducibility, we explicitly report
how thinking mode is controlled for each provider,
together with aggregate token usage statistics.
As shown in Table 17, all models are evaluated
under the same decoding settings; thinking is
controlled via provider-side API toggles rather
than prompt modifications. For models accessed
through OpenRouter, thinking is enabled with
{"reasoning”: {"enabled”: true}} (default
medium effort) and disabled in the ablation setting
with {"reasoning”: {"effort”: "none"}}.
For Qwen3-Max accessed through the Alibaba API,
we control reasoning with {"enable_thinking":
true} or false. We do not impose an explicit
reasoning-token budget.

I Case Study

Figure 9 presents examples of four failure modes
in genome analysis: Sequence Motif Over-reliance
(SMO), Base Composition Over-reliance (BCO),
Character Fidelity Loss (CFL), and Noise Distinc-
tion Failure (NDF). Each example includes the in-

put context, model output, and an analysis of the
error. These cases highlight distinct cognitive gaps
in general LLMs: prioritizing general sequence ele-
ments over specific details (SMO), using statistical
shortcuts like GC content while ignoring structural
patterns (BCO), losing character-level fidelity to
fabricate non-existent sub-sequences (CFL), and
the sycophantic tendency to rationalize random
noise as valid biological signals (NDF). These ex-
amples illustrate the systematic error patterns in
current LLMs and underscore the need for domain-
aligned reasoning capabilities.
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Histone Mark TFBS Histone Mark TFBS

Model Prediction (Balanced) Prediction (Balanced) Avg. Prediction (Oversampled) Prediction (Oversampled) Avg.
BCQ
Claude-Sonnet-4.5 52.24 57.78 55.01 54.85 54.22 54.54
GPT-5.1 53.23 57.49 55.36 53.18 5241 52.80
Gemini3-Pro 53.73 59.58 56.66 59.53 60.24 59.89
Grok-4.1 56.72 54.49 55.61 50.84 54.82 52.83
Llama4 51.24 52.40 51.82 53.51 50.00 51.76
Qwen3-Max 48.26 58.08 53.17 53.18 45.78 49.48
MCQ
Claude-Sonnet-4.5 32.00 58.38 45.19 47.20 27.11 37.16
GPT-5.1 32.27 61.68 46.98 48.00 27.11 37.56
Gemini3-Pro 33.07 66.17 49.62 52.00 44.58 48.29
Grok-4.1 30.13 58.98 44.56 43.20 27.11 35.16
Llama4 29.60 39.52 34.56 37.60 24.10 30.85
Qwen3-Max 30.93 55.69 43.31 40.00 24.10 32.05

Table 16: BCQ and MCQ results on balanced and oversampled slices for the two task families with intentional label
skew: Histone Mark Prediction and TFBS Prediction. The balanced slice reduces label-frequency skew, whereas the

oversampled slice preserves the stress-test setting used in the main benchmark.

Model Provider (API) Thinking Total Token Usage: Mean (Min - Max)
Claude-Sonnet-4.5 OpenRouter On 5,750 (1,512 - 30,657)
GPT-5.1 OpenRouter On 2,777 (955 - 13,706)
Gemini-3-Pro OpenRouter On 5,403 (1,414 - 30,021)
Grok-4.1 OpenRouter On 6,224 (1,410 - 28,408)
Qwen3-Max Alibaba On 8,623 (1,485 - 152,558)
Llama-4 OpenRouter  Not supported 1,606 (913 - 10,419)
GPT-5.1 (Ablation) OpenRouter Off 1,574 (912 - 3,239)
Qwen3-Max (Ablation) Alibaba Off 1,600 (931 - 3,331)

Table 17: Thinking mode configuration and resource usage
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Optimized Prompt

You are an expert in Computational Biology, Regulatory Genomics, and Bioinformatics. Your goal
is to infer the correct answer by analyzing nucleotide sequences with probabilistic reasoning and
biological domain knowledge, not by exploiting superficial text patterns or option positions.

Questions implicitly belong to one of six domains (you must infer which):

1. Regulatory identity: enhancer vs promoter in human.

2. Splice-site analysis: acceptor vs donor vs both, and distinguishing real sites from
dinucleotide-preserved shuffled controls.

3. Taxonomy: classifying sequences as eukaryote, prokaryote, or virus.

4. Epigenetics: histone mark identity and chromatin state (open/accessible vs closed/repressive)
in human K562 cells.

5. TFBS prediction: locating binding sites of specific transcription factors within longer human
sequences.

6. Motif identification: recognizing short (6-20 bp) consensus patterns.

Please adhere to the following Reasoning Protocol:

1. Infer task & question type
From the wording, infer the biological domain and whether the question is: binary
verification, multi-class label selection, sequence selection, odd-one-out, or real-vs-shuffled
discrimination.

2. Analyze sequence patterns
Assume all sequences are in functional 5’->3’ orientation unless stated otherwise. Do NOT
perform reverse-complement analysis unless explicitly asked. Focus on informative patterns:

e Short motifs and motif-like patterns, their approximate positions and local context.

* Base composition, GC content, k-mer and codon-like usage, periodicity, and sequence
complexity.

e Differences between options (for selection / odd-one-out), such as one sequence having a
stronger or more coherent pattern than the others.

Treat any examples you know (e.g., canonical splice motifs, promoter features, TF consensus-like
sites, species-specific composition) as *hintsx, not as a closed list: you are encouraged to
use any additional recurrent or statistically distinctive patterns you detect in the sequences,
even if they are not classic textbook motifs.

3. Make a probabilistic decision
Do NOT require perfect consensus matches; biological signals are degenerate and noisy.

e Interpret strict verbs (“is this X?”, “confirm”) as asking which label is *more likelyx.

* For real vs dinucleotide-preserved shuffled/background comparisons, remember that low-level
composition is similar; rely more on motif organization, local structure, and plausibly
functional subpatterns.

* Do not hedge in your analysis; always choose the single most biologically plausible option.

Output rules:
e Base your decision strictly on nucleotide patterns and biological meaning of the labels, not
on dataset biases or text-only artifacts.
e Do NOT copy or restate any full DNA sequence in your analysis; refer only to features (motifs,
composition, relative differences, etc.).
e For all questions, there is exactly one best answer. Always pick a single option letter.

Output format (strictly follow):
### Analysis

1-3 concise sentences explaining (i) the inferred task/domain and (ii) the key sequence-based or
comparative reasoning that makes your chosen option most probable.

### Answer
Answer: [Single option letter, e.g., A/ B / C / D]

Figure 8: The Optimized Prompt designed for the LLM. It includes explicit role definition, domain constraints, a
step-by-step reasoning protocol, and strict output formatting rules.
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Sequence Motif Over-reliance  Base Composition Over-reliance

/" Histone Mark Prediction (ID: 428) /" Taxonomic Classification (ID: 139)

Input

Q: Sequence: Input

AAGG... LAATT Q: Determine the category of the
Analyze the Human DNA sequence in organism associated with this DNA
K562 cells. Is this sequence found in an sequence:

open/accessible environment? Label: Virus

Label: Yes

Model Output Model Output

Analysis: ...Alu Repeat Element: A large
portion of the sequence GCAGTGGCT
C ... While Alu elements are CpG-rich
internally, they are predominantly meth-
ylated and associated with heterochrom-
atin or repressed regions ...

Answer: No

Analysis: ...The provided DNA sequence
displays an extremely high GC content
(visually estimated >70%), This
composition is a hallmark of high-GC
Gram-positive bacteria, specifically the
phylum Actinobacteria...

Answer: Prokaryote

Comment: The model applies a general Comment: The model uses high GC
repression heuristic, ignoring the Alu content as a shortcut for bacterial
element's high GC content that suggests classification, ignoring specific gene
q:cessibility. / Qrganization that points to a viral originj
Character Fidelity Loss Noise Distinction Failure

K Enhancer and Promoter \ / Splice Site Identification (ID: 417)\
Identification (ID: 442) | = F----------mmmmmmmm e

----------------------------------- Input
Input Sample Type: Dinucleotide-preserving
Q: Is there any enhancer or promoter in Shuffled Sequence
the following Human DNA sequence? Q: Does this Human DNA sequence
Sequence: contain splice sites?
o Sequence:
Label: Enhancer Label: No
Model Output Model Output
Analysis: ...The sequence contains Analysis: ...it contains a strong donor

multiple GC-rich motifs (e.g., 'GGGCG
G', 'CCGCCC") resembling Sp1 binding
sites, which are common in TATA-less
promoters...

Answer: Promoter

Comment: Count("GGGCGG") =0,
Count("CCGCCC") = 0. The model hall-
ucinates specific motif sequences that are
entirely absent from the input to support

its classification.
\_ /

splice site motif...The preservation of
these complex, position-specific motifs
strongly indicates this is a real genomic
sequence rather than a shuffled control...
Answer: Yes

Comment: The input is a shuffled con-
trol. The model fails to recognize the
meaningless patterns in the shuffled
sequence, ignoring the stochastic nature
tKhat indicates it is random noise. /

Figure 9: Case Study. Examples of failure modes in GenomeQA along with input details and model responses.
Green: Ground truth labels, specific input characteristics provided by the benchmark. Red: Incorrect reasoning, or
fabricated evidence generated by the model.
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