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1 Extending BrainBench

As a first step toward more comprehensive and reliable alternative results gen-
eration, we extend the BrainBench framework (Luo et al., 2024). Rather than
relying on expert-edited abstracts, we automate the extraction of relevant in-
formation from full-length publications and use LLMs to generate and evaluate
alternative results. This is a more realistic setting than the previous study
and enables further investigation with respect to future systems that work with
full-length research papers.

Specifically, we prompt GPT-4o to summarize each paper’s methods and re-
sults, then generate altered results in a separate pass. The evaluation procedure
otherwise follows the original BrainBench setup using a group of open-source
LLMs (see Appendix A for an overview).

We further test whether including summarized methodology and/or split-
ting results into minimal units (i.e., individual sentences expressing single sub-
results) affects LLM evaluation of original versus altered results.

From Fig. 1, we find that the overall trends reported in BrainBench hold
when using full-length papers instead of abstracts. LLMs achieve higher ac-
curacy with summaries derived from full papers compared to abstracts when
distinguishing original from altered results.

When the methods section is removed from full papers, accuracy remains
comparable to that obtained with abstracts, sometimes slightly higher or lower.
This decline is less pronounced than in the original BrainBench study, where
removing methods from abstracts caused sharper performance drops. We at-
tribute this difference to the richer detail in full papers, where results often
implicitly reference methodological elements (e.g., reporting BOLD signals mea-
sured with fMRI). Finally, consistent with (Luo et al., 2024), accuracy decreases
further when results are reduced to their smallest sub-units.

We also compare error overlaps between the original BrainBench and our
full-paper results. As shown in Table 1, LLMs achieve higher accuracy with full
papers, though their error patterns are similar but not identical. Identifying
which papers become harder or easier when evaluated in full form may guide
prompt design and help control the level of granularity in summaries. We revisit
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Figure 1: Extension of BrainBench to full-length papers, where GPT-4o sum-
marises methods and results before generating altered results for perplexity-
based evaluation using a collection of open-source LLMs. Accuracy is generally
higher using full-paper summaries than abstracts, with less degradation when
methods are removed, likely due to richer methodological detail embedded in
results. Consistent with prior findings, accuracy drops when results are split
into minimal sub-units.
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the issue of granularity in the following section, as it remains a central challenge
for systematic generation of alternative results.

Table 1: Error Correlation between Abstract and Full Paper for Each Model
Model Abstract Acc. Fullpaper Acc. Identical %
Galactica-6.7b 0.83 0.855 0.745
Galactica-30b 0.825 0.88 0.775
Llama-2-7b 0.815 0.83 0.725
Llama-2-7b-chat 0.79 0.8 0.68
Llama-2-13b 0.79 0.835 0.715
Llama-2-13b-chat 0.75 0.82 0.71
Mistral-7b 0.83 0.86 0.76
Mistral-7b-Instruct 0.8 0.845 0.725

2 Systematic Alternative Result Generation via
Knowledge Graphs

While the free prompting approach demonstrates the potential for generating al-
ternative scientific results, it suffers from a key limitation: the lack of systematic
control over the generation process. To address this, we propose a structured ap-
proach that combines LLMs’ generative capabilities and vast parametric knowl-
edge with explicit structural representations in the form of knowledge graphs.
This methodology provides more systematic and controllable alternative result
generation by decomposing experimental findings into their constituent entities
and relationships, then systematically permuting these components to produce
plausible alternatives. Although our initial results show promise, limitations
remain that require future investigation.

Methodology We use large language models (LLMs) to construct knowledge
graphs (KGs) from neuroscience papers. In these graphs, nodes represent en-
tities (e.g., brain regions) and edges capture relationships between them. We
then generate alternative KGs that reflect plausible outcomes, which can be
translated back into natural language by LLMs for further evaluation.

Example Consider Experiment 1 from the following study:

Hornsby, A. N. & Love, B. C. (2020). How Decisions and the Desire
for Coherency Shape Subjective Preferences Over Time. Cognition.

The hypothesis was that after choosing between two options, people’s prefer-
ences shift: they not only select what they prefer but also come to prefer what
they choose. To test this, participants designed a robot named GAGE (Fig. 2).

3



Figure 2: Example of a participant’s robot design, GAGE.

Figure 3: (A) GAGE and ANTI-GAGE presented to participants. (B) Robots
reveal randomly assigned patterns on their backs.
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Figure 4: Knowledge graph representing the essential entities and relationships
of the experiment results.

Next, participants were introduced to GAGE’s nemesis, the ANTI-GAGE (Fig.
3A).

As shown in Fig. 3B, both robots revealed one unique pattern and one
shared pattern. Participants then viewed three new robots and ranked them
by preference. Although the patterns were randomly assigned, the predicted
preference order was:

• The new robot with GAGE’s unique pattern.

• The new robot with the common pattern shared by GAGE and ANTI-
GAGE.

• The new robot with ANTI-GAGE’s unique pattern.

The results supported this prediction: preferences shifted toward chosen items
(GAGE) and away from rejected ones (ANTI-GAGE). From these findings, we
can construct a KG capturing the essential entities and relationships (Fig. 4).
Nodes represent concepts (e.g., GAGE, ANTI-GAGE, patterns, preferences),
and directed edges capture the relations between them. We made a simple
python tool such that KGs can be visualized interactively, allowing users to
explore the structure and consider alternative outcomes.

To create alternative patterns of results we can permute the existing KG.
One approach is to swap the leaf nodes “Preferred Most”, “Preferred Second”
and “Preferred Least”. This leads to six total combination of possible results
(including the original one). Below, we formally define the graph permutation
algorithm in general case.
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Graph permutation As a first step toward systematic alternative result gen-
eration, we apply the graph permutation algorithm (Algorithm 1). This algo-
rithm operates on a knowledge graph representation of the original paper’s re-
sults, with nodes (V) and edges (E) in standard format. Each node is assigned
to a unique semantic group representing its semantic category and given a level
indicating semantic granularity. The knowledge graph and semantic groups are
created by prompting LLMs such as GPT-4o. Following the designing robot
example, one LLM-identified semantic group is “Pattern Categories”, contain-
ing nodes “Chosen Unique Pattern,” “Shared Pattern,” and “Non-chosen Pat-
tern”. Another group, “Outcome Metrics”, contains “Preferred Second” and
“Preferred Least”. Algorithm 1 generates permuted knowledge graphs by cre-
ating combinations and permutations of groups and nodes, subject to three key
constraints: (1) node swaps occur only within the same semantic group and
level, (2) only leaf nodes are swapped for simplicity (for now), and (3) iso-
morphic graphs resulting from permutations are de-duplicated. The algorithm
tracks which nodes are swapped and the degree of permutation from the original
graph for subsequent analysis.

These permuted knowledge graphs are then translated back into natural lan-
guage summaries of results. By combining these summaries with the previously
extracted experimental methodology, we generate complete alternative results in
natural language—similar to the free-prompting approach but with systematic
structural control. The resulting alternatives can then be evaluated by LLMs
for plausibility and coherence.

Preliminary results on BrainBench We applied KG permutation algo-
rithms to 200 full-length BrainBench papers, processing each paper indepen-
dently and evaluating permutations with open-source LLMs (Luo et al., 2024).
Two models were tested: Mistral-7b (recent) and Galactica-7b (older). Across
200 items, we tracked the percentile ranking of the original among permuted
alternatives (Fig. 5). Most originals ranked within the top 20% (top-1 accuracy:
0.398 for Mistral-7b, 0.439 for Galactica-7b). On average, 6.55 unique permu-
tations were generated per paper (excluding isomorphic KGs). While accuracy
declines compared to binary settings, these preliminary results suggest open-
source LLMs retain some ability to identify original findings among multiple
alternatives.

Enhanced knowledge graph permutation with parametric knowledge
One limitation of the current approach is that swappable nodes are restricted
to entities within the same semantic group from a single paper. However, more
plausible alternative entities may exist beyond the current paper’s scope of con-
sideration. To address this constraint, we propose Algorithm 2, which combines
the advantages of free-prompting that leverages LLMs’ parametric knowledge
with the structured representation of knowledge graphs. This enhanced ap-
proach utilizes the vast parametric knowledge of models like GPT-4o to gener-
ate alternative node suggestions that extend beyond the confines of individual
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Algorithm 1 Knowledge Graph Permutation

Require: Knowledge graph G(V,E), semantic groups S
Ensure: Set of permuted graphs P, node swap records R, deviation metrics D
1: Initialize P ← ∅, R ← ∅, D ← ∅
2: for each group s ∈ S do
3: Ls ← nodes with maximum level in s ▷ Extract leaf nodes
4: end for
5: S ′ ← {s ∈ S : |Ls| > 1} ▷ Filter swappable groups
6: C ← all combinations of groups in S ′
7: for each combination c ∈ C do
8: Πc ←

∏
s∈c Perm(Ls) ▷ Cartesian product of permutations

9: for each permutation tuple π ∈ Πc do
10: G′ ← deep copy of G
11: for each group s ∈ c with permutation πs do
12: Apply node swapping: G′ ← swap(G′, Ls, πs)
13: end for
14: T ′ ← extract triples from G′ ▷ Check for isomorphism
15: if T ′ is unique among existing graphs in P then
16: P ← P ∪ {G′}
17: Record swap operations in R
18: Compute deviation metric and add to D
19: end if
20: end for
21: end for
22: return P, R, D

Figure 5: Percentile ranking of original results among permuted alternatives
across 200 BrainBench papers. Most originals fall within the top 20%.
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papers, enabling more comprehensive exploration of the alternative result space.
Algorithm 2 demonstrates clear advantages over simple node swapping. Con-

sider this BrainBench paper:

Steel, A., Garcia, B., Goyal, K., Mynick, A. and Robertson, C.
(2023) Scene Perception and Visuospatial Memory Converge at the
Anterior Edge of Visually Responsive Cortex. Journal of Neuro-
science.

The authors’ original finding suggested that memory for visuospatial context en-
gages a distinct neural network positioned immediately anterior to the perceptually-
oriented scene areas, creating an efficient architecture for memory-perception in-
teraction while avoiding interference. Using Algorithm 2 with LLM knowledge,
we can reliably generate an alternative by substituting “anterior” with “poste-
rior”, yielding a plausible alternative finding that locates the memory network
in a different brain region. Simple node swapping without external knowledge
cannot produce such contextually relevant alternatives.

Algorithm 2 has notable limitations. A more reliable approach might involve
vector databases and RAG to better locate relevant literature and generate more
plausible node suggestions. Additionally, the current approach lacks robust
methods for verifying node consistency across the knowledge graph—we rely
on LLM judgment, which requires human expert validation. When combining
multiple papers using vector databases, it remains unclear how to effectively
integrate overlapping knowledge graphs. We leave these challenges to future
work.

Future steps TODO: Modifying edges, effect sizes etc.

Alternative result creation in literature trustworthiness settings TODO:
do we briefly discuss why the analysis on retracted papers didn’t quite work?

3 Diagnosing LLM reliability through probabil-
ity consistency

Our evaluations of plausibility and trustworthiness rely fundamentally on LLMs’
internal scoring of original versus alternative results. In our original study (Luo
et al., 2024), we demonstrated that perplexity serves as a surprisingly effective
calibrated confidence measure: larger absolute differences in perplexities be-
tween contrasting pairs correlate with higher accuracy. Furthermore, perplexity
differences reflect meaningful internal judgments, as accuracy drops predictably
when background and methods are removed.

Building on these findings, our current work (preprint under review at TMLR:
Luo et al. 2025) explores what we consider critical for longer-term progress:
developing more reliable scoring of alternative results. We investigate how
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Algorithm 2 Knowledge Graph LLM-Based Node Replacement

Require: Knowledge graph G(V,E), semantic groups S, LLM M , replacement
budget k

Ensure: Set of modified graphs P, node replacement records R, deviation met-
rics D

1: Initialize P ← ∅, R ← ∅, D ← ∅
2: for each group s ∈ S do
3: Cs ← candidate nodes in s for replacement ▷ All nodes or subset
4: end for
5: S ′ ← {s ∈ S : |Cs| ≥ 1} ▷ Filter groups with candidates
6: N ← generate replacement strategies with budget k ▷ 1 to k nodes
7: for each replacement strategy n ∈ N do
8: for each target node set Nt of size n do
9: context← extract local subgraph around Nt

10: prompt← construct replacement query for M
11: ▷ Prompt includes: target nodes, their relationships, semantic

constraints
12: Rsuggestions ←M(prompt, context) ▷ Query LLM for replacements
13: for each suggestion r ∈ Rsuggestions do
14: G′ ← deep copy of G
15: for each replacement (nold, nnew) ∈ r do
16: Replace nold with nnew in G′

17: Update all edges connected to nold

18: end for
19: consistency prompt← construct semantic validation query
20: valid←M(consistency prompt, G′) ▷ LLM semantic check
21: if valid then
22: T ′ ← extract triples from G′ ▷ Check for isomorphism
23: if T ′ is unique among existing graphs in P then
24: P ← P ∪ {G′}
25: Record replacement operations in R
26: d← compute semantic deviation metric
27: D ← D ∪ {d}
28: end if
29: end if
30: end for
31: end for
32: end for
33: return P, R, D
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Figure 6: Original figure from Luo et al. (2025). Forward (Fwd) and backward
(Bwd) text training yields similar perplexities, though forward models consis-
tently achieve lower values (difference below zero). This gap widens slightly
with model size. Permuted (Perm) text training yields much higher perplexity
than both forward and backward models, with similar differences to each, caus-
ing the curves to overlap. Shaded regions indicate one standard deviation over
the mean across three random initializations.

transformer-based generative models approximate probabilities at a fundamen-
tal level. Our central hypothesis is that reliable use of perplexities requires un-
derstanding whether LLM-assigned probabilities obey basic mathematical rules
such as the chain rule.

We establish a theoretical basis by proving that, for a true probability dis-
tribution, sequence perplexity is invariant to the order of factorization: forward,
backward, or permuted conditionals must yield the same result. Yet, in prac-
tice, we find small but systematic discrepancies between forward- and backward-
trained models, amplified in models trained on permuted text (Fig. 6. We trace
these inconsistencies to positional biases in self-attention (Fig. 7), extending
prior findings on early-position biases (Liu et al., 2023; Xiao et al., 2024). To
highlight, we show attention has positional biases toward nearby tokens and
those at maximal distances (Fig. 7; more results see the original paper) which
leads to discrepancies to the theoretical equivalence we established.

These discrepancies, while subtle, are highly informative: they expose where
LLMs diverge from valid probability distributions and may underlie phenomena
such as hallucination and brittle out-of-distribution behavior. Understanding
these deviations is therefore not a narrow technical detail but a fundamental
step toward trustworthy evaluation. By treating probability consistency as a
diagnostic lens, we can better characterize learning dynamics and design miti-
gation strategies. For example, sibling models could be trained jointly to mini-
mize divergence in perplexity, encouraging more stable learning. Unlike BERT
(Devlin et al., 2019), which achieves symmetry through bi-directional attention
without modeling joint probabilities, our approach directly targets probabilistic
consistency.
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Figure 7: Original figure from Luo et al. (2025). Positional bias in self-attention
varies with training directions and layers (GPT-2 124M). Normalized attention
rank (min = 0,max = 1) is plotted as a function of token distance within
the context, averaged across heads, sampled sequences, and layers. Compared
to models at initialization (Init), forward (Fwd) and backward (Bwd) trained
models show strong positional biases toward both nearby tokens and tokens at
maximal distance, with the degree of bias varying across layers. In contrast, the
model trained on permuted text (Perm) displays distinct patterns, with posi-
tional bias generally decreasing as token distance increases across most layers.
All test sequences fully span the context window each prepended with a BOS
token.

In short, this work lays essential ground for making LLM evaluations both
more reliable and more interpretable. Establishing whether perplexities truly re-
flect coherent probability distributions may appear indirect, but it is a necessary
foundation for diagnosing, explaining, and ultimately mitigating the limitations
of large language models.

4 Collaborations and community engagement

We partnered with AE Studio1 to establish our knowledge graph permutation
code as an open-source repository2. Together, we designed the repository struc-
ture and determined how the community—including software engineers, ma-
chine learning researchers, and domain experts—could interact with and con-
tribute to different aspects of the project. AE Studio provided essential scaf-
folding and implemented best practices for repository setup. We also held initial
discussions on front-end design, envisioning a user-friendly interface that would
help researchers explore alternative result patterns in their experiments and ex-
isting literature while providing broader context on supporting and contrasting
evidence, consistency evaluations, and trustworthiness assessments.

Additionally, we established a Discord server and invited BrainBench co-
authors and BrainGPT newsletter subscribers to test and interact with the

1https://ae.studio
2https://github.com/don-tpanic/alt-core-playground
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repository as early testers and contributors. This process revealed limitations
and challenges in running the repository as a fully public project, primarily
due to unexpected complexity and engagement requirements. We are currently
working on potential solutions to address these issues.

We have received media coverage, including a feature in The Transmitter,
a neuroscience news site for researchers. The article highlighted various ways
neuroscientists are using LLMs in their work and included our project as an
example of efforts to develop LLMs for scientific discovery.

We have also interacted with domain experts who are potential users of
our technology. While anecdotal, these interactions demonstrate the signifi-
cant impact our work could have in research areas where literature is becoming
overwhelming and where mistakes carry serious consequences. A neurologist
from MassGeneral Institute for Neurodegenerative Disease contacted us with a
compelling example. While researching Parkinson’s disease biomarkers, he dis-
covered elevated polyamine levels in spinal fluid—a potentially groundbreaking
finding for diagnosis or tracking disease progression. However, he later uncov-
ered 1980s and 1990s studies suggesting a connection between polyamines and
MAO-B inhibitors, common Parkinson’s medications. A follow-up study con-
firmed that these inhibitors caused the polyamine increase, preventing him from
making a misleading breakthrough claim. When he tested BrainGPT (v0.2)
with both his original findings and altered versions falsely claiming polyamine in-
dependence from MAO-B inhibitors, the system accurately identified the MAO-
B-linked results as most probable. This demonstrates LLMs’ ability to uncover
overlooked research connections across vast scientific literature that exceed hu-
man capacity to process.

5 Discussion

A BrainBench Overview

BrainBench (Luo et al., 2024) is a benchmark consists of 200 test cases from
abstracts in the Journal of Neuroscience published in 2023. These abstracts are
categorized into five sections: Behavioral/Cognitive, Systems/Circuits, Neuro-
biology of Disease, Development/Plasticity/Repair, and Cellular/Molecular.

Each test case contains a published abstract and an altered version crafted
by neuroscientists (see details in Luo et al. (2024)). These modifications, though
minimal, significantly change the results—for instance, by changing the roles of
brain regions or reversing a result’s direction (e.g., from “decreases” to “in-
creases”). The altered abstracts remain logically coherent despite the changes.

The BrainBench task is to identify the correct study outcome by choosing
between the original abstract and its altered counterpart.

BrainBench Model Evaluation Two versions of the abstracts from each
test case were presented to models separately. We measured the perplexity of
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both passages and used perplexity as the indicator of whether models favor one
abstract or the other.

Perplexity measures the degree of uncertainty of a model when generating a
particular sequence of text and is defined as the exponentiated average negative
log-likelihood of a tokenized sequence. If we have a tokenized abstract sequence
X = (X0, X1, . . . , Xt), then the perplexity of X, given a model parameterized
by θ is,

PP (X) = exp

{
−1

t

t∑
i

ln pθ(Xi|X<i)

}
(1)

where ln pθ(Xi|X<i) is the log-likelihood of the ith token conditioned on the
preceding tokens X<i according to the model. Given both the original and
the altered abstracts, we used the abstract with lower perplexity as the model’s
decision and evaluated the overall accuracy across the entire BrainBench dataset
accordingly.
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