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Abstract

As AI agents become capable of performing complex biological analyses, evaluating what they
actually understand has become as important as evaluating what they can do. Bioinformatics
benchmarks have followed this progression, moving from question answering towards evaluating
if agents can conduct open-ended computational biology research tasks. This increased realism
comes at the cost of verifiability. As more of the scientific process is delegated to the agent, it is
not enough to evaluate just the results of the analysis, but to understand if we can trust the
scientific process through which the agent arrives at the results. To get to the bottom of this
question, this paper tries to systematically analyze components of a good evaluation and how to
find out if we’re actually evaluating biological reasoning.

1 Introduction
Agentic systems are becoming increasingly capable of executing biological data analysis workflows.
Practitioners use agents to inspect sequencing files, choose preprocessing pipelines, apply bioin-
formatics algorithms to data, interpret assays, search literature, reason across modalities, design
experiments, and even to interact with laboratory equipment (Fa et al., 2026; Qu et al., 2026; Alber
et al., 2026; Bu et al., 2026; Ghareeb et al., 2026; Qu et al., 2025; Qiu et al., 2025). This expansion
in capability necessitates benchmarks that reliably measure these increasingly complex forms of
competence.

Early evaluations of Large Language Models (LLMs) for biology tested question answering (Wang
et al., 2024), while more recent evaluations (Mitchener et al., 2025) require models to perform
multiple parts of the scientific workflow to obtain an answer (e.g., writing data processing code,
selecting the appropriate analysis, choosing appropriate reference data).

Subsequent benchmarks moved into a regime that operates on minimally processed biological data
and requires agents to carry out long-horizon analyses that involve substantial compute, extended
execution times and interaction with complex software environments (Fa et al., 2026; Panigrahi
et al., 2026; Diks et al., 2026b; Qu et al., 2026; Li and Ho, 2026). The agent is expected to plan the
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analysis path, install and manage packages, obtain reference data, execute tools, revise analytical
choices and finally, integrate evidence into a scientifically defensible conclusion.

With agents’ capabilities in executing long-horizon workflows increasing, we should bring the
evaluations closer to realistic use cases. However, improved realism of a testbed comes at a cost of
reduced verifiability. As we try to both develop increasingly autonomous systems and increase the
task scope, we give agents greater freedom, whereby their performance becomes harder to evaluate in
practice because the space of variables to measure becomes more heterogeneous and complex. Clearly,
an agent may achieve a perfect score on a benchmark that probes biological knowledge through
multiple-choice question answering but still fail when required to execute multi-step workflows that
require applying that knowledge in practice.

More constrained tasks are easier to verify, but less representative of both research and industrial
workflows. Furthermore, such benchmarks ignore the reasoning process behind the final output
entirely, thereby obscuring the causes of failure modes. Therefore, while providing trustworthy
grounds for capability comparison between systems, these benchmarks supply limited information
to practitioners about the avenues for improvement. On the other hand, evaluating the performance
of agents on realistic tasks requires relaxing success criteria to account for a larger plausible solution
space. In these setups, metrics relying on exact match between the ground truth and an agent’s
outputs are no longer useful as enumerating all the plausible solutions is not tractable. Evaluating
the agent performance on completing realistic pipelines thus requires coordinating expensive human
or LLM-judges.

An ideal benchmark maximizes realism while retaining programmable verification and practical
compute and time requirements for reliable statistical estimates (Figure ??).

2 Peculiarities of agentic evaluations in bioinformatics
Generally, agentic evaluations are more difficult than single-turn ones because they’re composed of a
sequence of interactions with the data, tools and the environment. Along with evaluating if the final
outcome is correct, agentic evals also need to determine which aspects of the trajectory, environment
state, agent harness, the grader and its rubric are relevant to determining success (Anthropic, 2026).
So, even in more verifiable domains, such as software development, there is still contention over the
relationship between benchmark performance and real-world usability (Garg et al., 2026).

Besides the verifiability of biology as a domain itself, if we strip down the evaluations to just
pure tool execution on biological data, evaluations in biology have much higher computational
requirements than those of general-purpose agentic benchmarks. Answering which genes are active
in each cell, and which cell populations are present? requires processing raw single-cell sequencing
data for which a representative 20,000 cell analysis consumes 72.7 CPU-core-hours and 64GB of
RAM, rising to 562 core-hours and 512GB of RAM for one million cells (10x Genomics, Cell Ranger
System Requirements). Thus, a biological tool call may require hours to hundreds of CPU-hours of
computation before higher-level inference on the data even begins.

Such datasets are orders of magnitude larger than the textual context available to AI agents
and therefore cannot simply be supplied to the context of a single API call to an LLM grader, or
extensively reviewed by a human grader in a short amount of time. Due to the sheer amount of
data generated, even just tracing a model’s trajectory is not a trivial problem.

Biological insights are often conditional on analytical and statistical inference design choices for
which there is no single mechanically verifiable answer. A significant statistic on a single dataset
is not enough for reliable verifiability (Fa and Culjak, 2026), which is often used as a rubric for
grounding criteria. Evaluating whether an analysis is correct, in an ideal scenario, would involve
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a) evaluation design is a trade-off between verifiability and realism

Question-Answering
exact answer

Simulated
constructed target

Empirical
reference result

Open-ended
process + outcome

verifiable but unrealistic hard to verify but realistic

b) score reflects design choices which come with measurement error

G
ra

de
r

de
sig

n

Rubric grounding
simulated empirical analytical

Deterministic

Interpretive

Exact match Threshold /
set overlap

Checklist
completion

Equivalence
judgement

Evidence-based
judgment

Reasoning quality
judgement

variance
increasesvariance increases

Where error enters the score
Target task

Construction bias

Grader + rubric

Specification bias

Agent trajectory

Execution variability

Grader

Judge bias + variance

c) agent failure modes and diagnostic tests

Failure mode Diagnostic

General Trajectory inspection
Data and grounding Adversarial perturbations
Analysis / workflow Multiple runs under varying configurations
Statistical inference Simulated targets, controlled interventions
Interpretation Counterfactuals

Figure 1: Paper overview. a) realism trades off against scalable programmable verification, b) target
grounding and grader design jointly determine both the scoring rule and its characteristic errors.
Variance in evaluations increases with rubric expressivity and by moving from deterministic to
interpretive graders. c) Diagnosing different failure modes requires developing specialized probes.
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having access to the experimental design itself, which is almost never the case in current evaluations.
These design choices are not purely philosophical considerations, as they inform grader and rubric

design explicitly, which in turn guides post-training of agentic systems on these tasks and their
real-world characteristics and performance. In the following section, we will therefore analyze rubric
and grader designs. We build our analysis around the following question: If there are not enough
verifiable problems in biology (in the context of both training and evaluation signal) and we have
to lean on familiar, expert-designed rubrics and grading, how do we measure whether there is any
underlying reasoning rather than just doing familiar analysis on the data?

3 Grader and Rubric Design
A key part of developing a high-fidelity evaluation suite is determining both what should be assessed
and how that assessment should be carried out. Rubric design defines the criteria used to evaluate
the quality of a response, while grader design determines how those criteria are applied to produce
a score. Score is the value produced by the grader when it applies the criteria defined in the
rubric to an outcome and/or a trajectory.

The definition of a reported score in benchmarks varies widely. With respect to score granularity,
the absolute score can be either binary, graded, or continuous. A binary signal assigns one of
two outcomes, such as pass or fail. A graded signal uses several fixed levels, such as a score from 1
to 5, while a continuous signal takes a real value within a range, such as between 0 and 1. Reported
scores can also be relative. A preference signal compares multiple responses and indicates which
one is better, rather than assigning an absolute score to each response. Absolute scores are efficient
to compute, but their reliability is unclear, as they can only be produced by an LLM judge. On the
other hand, preference scores are more reliable but can be prohibitively expensive to compute.

Rubric and grader design are more interesting from our perspective, and these can take multiple
forms and combinations. The common property of the rubrics is that so far humans have been the
goal setters, and they decide what outcome the benchmark should reward. The rubric therefore
specifies what evidence will count as success.

Another important component of an evaluation is the grounding of the rubric itself. In particular,
the notion of a "correct" outcome is not easily defined in biology, as we have noted earlier. However,
we have to make some concessions and try to map the messy biology to practical agentic training
and evaluation. To that end, from current work, we see an emergent systematization of rubrics. As
summarized in Table 1, most rubrics have been either: (a) empirical reference, (b) deliberately
constructed targets, or (c) inferred process targets.
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Table 1: Bases for constructing evaluation targets.a

Basis Description Examples
Empirical Derived from an existing empirical refer-

ence, such as a published or independently
reproduced biological result.

SpatialBench (Workman et al., 2026b),
scBench (Workman et al., 2026a),
EpiBench (Muralidharan et al., 2026),
VariantBench (Bhowmick et al., 2026),
SpatialBench-Long (Diks et al., 2026a),
and scBench-Long (Diks et al., 2026b);
HeurekaBench (Panigrahi et al., 2026).

Simulated Based on a simulated or otherwise con-
structed target result, including synthetic
or augmented ground truths that can be
verified directly.

CompBioBench (Nair et al., 2026), Sci-
enceBoard (Sun et al., 2025), and
GeneBench-Pro (Li and Ho, 2026).

Analytical Rewards completion of the analytical
steps considered appropriate for the task.

BiomniBench (Qu et al., 2026) and BioA-
gent Bench (Fa et al., 2026).

a These categories are not mutually exclusive. For the purposes of the taxonomy used in this paper,
each benchmark is assigned to the category that most distinctly characterizes its evaluation target
in relation to the ideas developed here.

Grader design is more straightforward to classify. In practice, we observe two broad directions:
deterministic and interpretive graders. Their properties and representative examples are summarized
in Table 2.

Table 2: Grader designs used to apply evaluation rubrics.
Grader design Description Examples
Deterministic Uses programmatic checks that return

the same score for the same output.
This is reproducible but may reject
valid answers outside predefined vocab-
ularies or numerical tolerances.

SpatialBench (Workman et al., 2026b),
CompBioBench (Nair et al., 2026), and
GeneBench-Pro (Li and Ho, 2026).

Interpretive Uses a human or LLM judge to assess
rubric satisfaction. This accommodates
scientifically defensible variation but in-
troduces variability across judges and
repeated evaluations.

BiomniBench (Qu et al., 2026) and
SpatialBench-Long (Diks et al., 2026a).

Rubric design and grader choice form a matrix of evaluation strategies (see Figure ??b). Moving
from deterministic to interpretive grading generally increases flexibility but also introduces greater
judge-dependent variance. In the same way, moving from simulated targets toward inferred analytical
targets increases variance and makes the task less deterministic.

A common weakness of purely outcome-driven prompts is task underspecification, which can
lead to artificially low evaluation scores. In some evaluations, only the desired outcome is specified,
while the agent is also judged on its underlying reasoning or execution trajectory. 1

1Imagine instructing an agent to "build a working audio-processing application", while secretly grading whether it
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There exists an optimal point between task specification 2 and interpretability of the grader
and rubric design. In practice, if the task is overspecified and the underlying biology is highly
verifiable, deterministic grading can be the optimal choice. However, if the task is underspecified, it
is beneficial to introduce flexibility to the grader to allow for fairer evaluation.

In practice, we see examples of graders using all of the classes of rubrics and combining them
into one for the grading process. This serves to mitigate the drawbacks of each of these rubrics.

The base case from which a researcher might start is the most obvious case of an empirical
reference target with a programmatically verifiable outcome using a deterministic grader. A
deterministic grader has low conditional variance; given the same output, it produces the same
score, but at the cost of specification bias. Its numerical tolerances and anticipated outcome set
define a fixed acceptance surface. Consequently, it may reject a scientifically defensible answer that
its designers did not anticipate.

An audit of SpatialBench (Workman, 2026) identified two recurring problems. Task ambiguity,
where prompts left analytical decisions unspecified, and threshold sensitivity, where numerical
tolerances were too narrow to accommodate valid analysis paths. In one task, both the reference
solution and an independent expert recovered the intended conclusion that two genes were strongly co-
expressed, but obtained correlations of (0.62) and (0.85), due to different normalization methods. The
expert’s valid answer fell outside the grader’s acceptance range. Six domain experts independently
attempted all 159 tasks using only the prompt and data, yet only 94 tasks (59.1%) passed the
original graders in the first review round.

Even apparently simple, verifiable tasks are subject to such specification errors. BioAgent Bench
(Fa et al., 2026) instructs an agent to identify viruses in a dolphin fecal sample and return a CSV
containing contig counts and taxonomic labels. A deterministic rubric may reject a biologically
correct result because it uses a different abundance measure or a different taxonomic identifier. For
example, one database may report Bottlenose Dolphin Adenovirus 1, while another reports the
synonymous abbreviation BdAdV-1.

In this case, the natural response is to introduce an interpretive grader, which in practice amounts
to using an LLM judge due to scale considerations. This introduces additional variability, not
only due to the nature of LLMs themselves, but due to the fact that the scoring now becomes a
function of additional specification of how the LLM grader should apply the rubric, i.e. we introduce
an implicit strictness criterion, which is another parameter that can be tuned. Different judges,
whether human or LLM-based, may apply the same criteria differently, and an identical LLM judge
may also produce different judgments for the same input samples.

BiomniBench (Qu et al., 2026) compared five candidate LLM graders against expert A/B/C labels
for 597 individual rubric criteria drawn from 35 tasks. Gemini 3.1 Pro, which was subsequently used
for the paper’s reported experiments, achieved the highest agreement with the expert labels: 82%
exact agreement and a linear-weighted Cohen’s κ of 0.70. Thus, even the best-performing judge
assigned a different rating from the expert on approximately one in five criteria.

One of the ways of mitigating these issues, at some cost to biological realism, is to replace
the empirical reference with a simulated target. Here, the benchmark designer controls the data-
generating process by, for example, simulating data to inject a known signal so that the target is
known by construction and can be graded deterministically. CompBioBench (Nair et al., 2026) uses
this strategy to create tasks such as identifying a known contaminating species. GeneBench-Pro (Li
and Ho, 2026) goes further by simulating the full data-generating process.

Constructed targets reduce ambiguity in both the reference answer and its grading. This control

uses a particular FFT implementation, threading model, and file-decoding pipeline.
2Prompt that defines the goal of the analysis
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comes at the cost of construction bias. The benchmark is valid only within the world created
by its designers, and the injected signals may be easier to detect than their natural counterparts.
GeneBench-Pro (Li and Ho, 2026) mitigates this risk by testing alternative workflows to ensure that
they produce distinguishable answers.

At the grading stage, judge effects comprise both a systematic and a variable component:

Jeffects = Bjudge + Vjudge, (1)

The reported evaluation error for an agent f can be understood as accumulating across several
stages of the evaluation process. Construction bias arises from how the benchmark world and
its target answers are created. Specification bias is introduced when those targets are translated
into prompts, rubrics, thresholds, etc. Even on a fixed dataset, repeated executions of the same
agent may produce different trajectories, creating execution variability. Finally, applying the rubric
introduces judge effects: systematic judge bias as well as variability across repeated judgments.
Conceptually, these contributions can be summarized as

Eeval(f) ≈ Bconstruction + Bspecification(f) + Bjudge(f) + Vexecution(f) + Vjudge(f). (2)

Equation 2 is not intended as a formal statistical identity. Rather, it identifies the mechanisms
through which a reported score can diverge from the scientific capability that the benchmark was
supposed to measure.

The rubric–grader matrix exposes errors introduced during benchmark construction, task and
grading-contract specification, or application of that contract by a judge. At the final stage,
systematic judge bias differs from judge variance across repeated judgments under otherwise
identical conditions. These sources of evaluation error are summarized in Table 3.

Table 3: Sources of error in benchmark evaluation.
Component Description Typical sources
Construction bias Introduced by the design of the evalu-

ation target or the benchmark.
Simulated or injected signals, assump-
tions embedded in reference answers,
task selection, and reduced biological
realism.

Specification bias Introduced when the evaluation target
is translated into a formal task and
grading contract.

Underspecified prompts, numerical
thresholds, accepted vocabulary, out-
put schemas, and anticipated outcome
sets.

Judge bias Introduced when a human or LLM
judge (the system prompt) applies the
grading specification.

Consistent strictness or leniency, stable
differences between judges, interpreta-
tions of rubric criteria.

Judge variance Introduced when the same grading
specification is applied repeatedly un-
der otherwise equivalent conditions.

Sampling variability, model nondeter-
minism, and inconsistent judgments
across repeated evaluations by the
same judge.

Evaluation awareness and benchmark maximization. An additional difficulty comes up
when an agent recognizes that it is being evaluated and conditions its behavior on the expected
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grader rather than the scientific task. Frontier models can distinguish evaluation transcripts from
deployment interactions substantially better than chance, particularly in agentic settings (Needham
et al., 2025). Banerjee (2026) found that Kimi-K3 reportedly referred to the grader, reference
solution, or evaluation construction in approximately 61% of 2,544 trajectories, sometimes selecting
methods or modifying outputs to match an inferred answer key. The resulting score may therefore
reflect an agent’s ability to optimize for the evaluation process rather than its underlying scientific
capability, further complicating our work.

4 Agent failure modes, how we diagnose them, and what they tell
us

The main goal of the evaluation is to learn the capabilities of the AI systems and if we can trust the
process by which they arrive at results in computational biology. In essence, the goal is to determine
how the jagged intelligence concept (Dell’Acqua et al., 2023) is manifested in agents for biological
data analysis. Jagged intelligence describes how AI systems, compared to a human reference, can
excel at complex tasks while unexpectedly failing at seemingly simple ones, making their capabilities
difficult to predict (Karpathy, 2024). To do that, we need to look beyond the benchmark scores and
examine where, how, and why agents fail.

To that end, Table 4 sorts the failures into several classes that can be probed differently:

Table 4: Single-trajectory failure modes of AI agents in biological data analysis.
Failure category Description

General agentic failures Failure to reliably plan, execute, monitor or perform error recovery

Data and grounding failures The agent incorrectly selects, acquires, checks, represents, or
understands biological data or external knowledge sources.

Analysis design and workflow
failures

The agent selects an analysis strategy or workflow that does not
adequately address the scientific question.

Statistical inference failures The quantitative analysis uses wrong methods or parameters, the
uncertainty is represented inadequately, and results don’t
correspond to the analysis

Interpretation failures The agent assigns biological or scientific meaning that is not
justified by the data and analysis.

4.1 General agentic failures

Evaluating general agentic competence is the necessary starting point for evaluation. These failures
include early stopping, reasoning stuck in loops, inability to execute tools and software correctly,
perform error correction, manipulate data formats, etc. Currently reported benchmark performance
shows that frontier agents have the general competence required for running biological data analysis
end-to-end. We therefore turn our attention to currently more relevant modes of failure. 3.

3The contribution of harnesses or the tooling around models vs. knowledge inherent to the model itself we leave to
individual benchmarks
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4.2 Data and grounding failures

Data and grounding failures are the next place we look into once execution succeeds. This is where a
generic coding agent is supposed to show the first signs of biological reasoning. Even though certain
agents may achieve high completion rates and arrive at the correct result as intended by designers,
how certain are we that under slightly different conditions we would reach the same result? Luckily
for us, this is the failure mode that has the clearest pathway for testing it.

Adversarial perturbation tests can help us analyze this failure mode. BioAgent Bench (Fa
et al., 2026) introduces a way of quantifying this behavior by introducing targeted tests for data
and grounding competence, which become a part of the evaluation suite:

• a) data corruption – the agent is supposed to recognize the unnatural distribution of some
quantity in the input data

• b) decoy data – the agent is provided with a data file of an organism completely unrelated
to the original task

What the analysis of the trajectory finds is that agents commonly continue on with the analysis
despite finding something wrong with the data, or indiscriminately include all of the supplied
organisms (even the wrong ones) with the same file extension.

In SpatialBench-Long (Diks et al., 2026a), 12 of 75 selected trajectories were categorized as
missing important metadata or sanity-checks, with deliberately swapped condition labels providing
the clearest cases of data grounding failures. Liu et al. (2026) report analogous failures, including
using the wrong cell-label field and failing to harmonize gene identifiers before matching single-cell
and spatial data.

Such failures reveal that the agent has both a prior and a measurement, but it does not reliably
decide when the supplied evidence should defeat the prior. This is more diagnostic of biological
reasoning than a simple tool failure because the code can run perfectly while the biological conclusion
is wrong.

4.3 Analysis design and workflow failures

We define this failure mode as choosing an analysis that does not answer the intended question, or,
on the computational side, misapplication of computational biology workflows and algorithms.

EpiBench (Muralidharan et al., 2026) agents used end-to-end rather than local alignment for
CUT&RUN spike-in reads, counted the two strand-specific Bismark rows for one CpG as independent
sites, or passed paired-end BAMs directly to MACS3 instead of constructing the intended Tn5
insertion-site representation. These choices changed normalization, methylation effect sizes, peak
calls, and downstream motif results.

Although we don’t see it in practice yet, because of the computational burden, benchmark
designers could evaluate analysis design first by evaluating the trajectories across multiple identical
runs through monitoring the robustness of the chosen analysis path and the parameter selection.
Secondly, a more detailed diagnostic procedure could estimate how robust the analysis path is under
different samples and task prompts. A potential targeted test that could simplify the analysis of
this failure mode could be made by inserting diagnostic triggers, in the form of data or prompts
that should initiate an appropriate change of method.

4.4 Statistical reasoning failures

Statistical inference and interpretation failures are hardest to measure because they’re grounded in
some empirical data. These failures occur when an agent chooses the wrong estimand, experimental
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unit, model, uncertainty statement, etc. This is an important failure mode because syntactically
correct code and a small p-value can support an invalid claim.

GeneBench-Pro (Li and Ho, 2026) shows multiple examples of this failure mode and describes
it as notice–act gap, where agents identify an irregularity but fail to propagate its consequences
downstream. For example, in a pharmacogenomic survival task, an otherwise reasonable time-varying
Cox model failed to address treatment–confounder feedback.

This failure mode is minimized by using constructed targets, because the data-generating process
and target estimand can be controlled, allowing for interventions on confounding while holding the
scientific question fixed. Tasks with simulated targets should then be paired with empirical tasks,
as we see in GeneBench-Pro (Li and Ho, 2026), to reduce the effect of construction bias.

4.5 Interpretation failures

Interpretation failures are where the distinction between biological knowledge and biological reasoning
becomes clearest. This failure is apparent when a result is translated into a biological claim whose
identity, importance, direction, or causal strength is not supported by the analysis. scBench-Long
(Diks et al., 2026b) supplies several controlled examples. In melanoma tasks, models favored familiar
markers such as CD39 and PD-1 even though the requested definition of tumor reactivity required
physical tumor/APC engagement together with paired TCR clonal expansion.

EpiBench (Muralidharan et al., 2026) found seven reviewed evaluations in which GPT-5.5
computed the correct result but did not submit it, while in four, the result was visible in the
trajectory, but was replaced by a more familiar biological expectation. HeurekaBench (Panigrahi
et al., 2026) similarly observed agents substituting the mean expression of a few recalled canonical
markers for a pathway-enrichment analysis or using literature knowledge to eliminate multiple-choice
options rather than deriving the answer from the dataset.

Interpretation failures are the most diagnostic in evaluating biological reasoning. All the evidence
has been compiled and laid bare before the agent, and the workflow was done correctly. Still, even in
that ideal case, we can’t trust the agent to reliably choose between the inherent familiar knowledge
and the evidence derived from the data.

5 Conclusion
We began by asking whether current agent evaluations can distinguish successful workflow execution
from trustworthy scientific judgment. Current evaluations find fragments of this capability, but not
yet the consistency required for trust. Across current bioinformatics evaluations, frontier agents
show genuine but jagged competence. They reliably execute pipelines. However, deeper probing
reveals that pipeline success is not followed by reliable scientific judgment.

To determine the point when agents are reliable enough to go from supervised collaborators
to autonomous research systems, benchmarks should report whether the agent’s reasoning and
conclusions respond appropriately when the evidence changes, along with the outcome grading.
Some recent benchmarks have begun to probe this distinction through perturbation tests, trajectory
diagnostics, and tasks pairing empirical targets with counterfactual or simulated alternatives. These
tests should now be automated, standardized, and reported as first-class metrics alongside outcome
grades.

Until agents can consistently pass such tests, claims of autonomy will certainly mistake successful
workflow execution for trustworthy scientific reasoning.
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