PathwayLM: Multihop Mechanistic Pathways
for Biomedical Language Model Reasoning

Anonymous ACL submission

Abstract

We introduce a high-throughput framework to
semi-automatically construct multihop reason-
ing datasets in the biomedical domain. We use
a neuro-symbolic information extraction (IE)
system to extract individual biomedical inter-
actions, followed by a constraint-based path
construction algorithm that aggregates com-
plete paths and filters out noise. We use this
framework to construct over 5 million semanti-
cally consistent 2-hop paths from 4M biomedi-
cal publications. We also manually curate 137
paths into a “gold” test partition. We use this
dataset to evaluate the capacity of LLMs to
mechanistically reason in the biomedical do-
main. Our evaluation shows that: (a) biomed-
ical reasoning remains an open research prob-
lem; and (b) a promising practical avenue that
doubles reasoning performance is to use the IE
system as scaffolding for LLM reasoning.

1 Introduction

The volume of biomedical literature is expanding
exponentially (e.g., PubMed' has indexed more
than 1M publications per year in the past decade),
making it impossible for researchers to manu-
ally track all potential mechanistic explanations
of diseases. While information extraction (IE) sys-
tems can identify individual biomedical interac-
tions (Kim et al., 2009; Islamaj et al., 2024) (e.g.,
Protein A phosphorylates Protein B), true biolog-
ical insight requires multihop reasoning that con-
nects disparate biomedical interactions from dif-
ferent publications to form a plausible mechanistic
hypothesis.

Current datasets for biomedical Question An-
swering (QA) and reasoning often suffer from two
limitations: (1) they are manually curated, which
limits their scale and update frequency, or (2) they
focus on factoid retrieval rather than structured
mechanistic chains (see Related Work).
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Here, we introduce a scalable, automated
method for generating multihop mechanistic paths
at scale. Our approach uses a neuro-symbolic
IE system? (Valenzuela-Escércega et al., 2018) to
extract individual biomedical interactions, filters
them for quality, and assembles them into multi-
hop reasoning paths. Some of these paths have
been manually curated into a smaller “gold” test
partition. The proposed framework: (a) is scalable:
as new literature is published, the dataset can be
automatically updated; (b) supports n-hop reason-
ing: while this paper focuses on 2-hop paths, the
logic extends naturally to n-hop paths; and (c) is
adaptable: our filtering constraints can be tuned
to prioritize high precision (for gold-standard cre-
ation) or high recall (for exploratory hypothesis
generation).

Using this dataset, we evaluate the capacity of 11
LLMs to reason in the biomedical domain, when
provided with a variety of textual contexts (from
multiple paragraphs to individual sentences con-
taining interactions of interest). Our evaluation
highlights that all LLMs perform poorly when pro-
vided with too much context. However, perfor-
mance approximately doubles for a neuro-symbolic
strategy, in which when the LLM uses as context
only sentences containing interactions of interest
with marked up evidence by the IE system.

Our contributions are as follows:

* We describe a high-throughput framework to
semi-automatically construct multihop reason-
ing datasets in the biomedical domain. We
couple a neuro-symbolic IE system with a
constraint-based path construction algorithm
that filters out noise. We use this framework
to construct over 5 million semantically con-
sistent 2-hop paths from 4M biomedical pub-
lications. We also manually curate 137 paths

REACH (REading and Assembling Contextual and Holis-
tic mechanisms from text)
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into a “gold” test partition.’

* We use this dataset to evaluate the capacity
of LLMs to mechanistically reason in the
biomedical domain. Our evaluation shows
that: (a) despite the progress in reasoning al-
gorithms, biomedical reasoning remains an
open research problem; and (b) a promising
practical avenue that doubles reasoning perfor-
mance is to use a neuro-symbolic IE system
as scaffolding for LLM reasoning.

2 Related Work

Reasoning with LLMs. Prompting strategies have
been shown to elicit multi-step reasoning in large
language models, most notably through chain-of-
thought (CoT) prompting, which improves perfor-
mance on arithmetic, symbolic, and commonsense
reasoning tasks (Wei et al., 2022). Similar gains
can be achieved in zero-shot settings, suggesting
that reasoning abilities are latent in sufficiently
large models (Kojima et al., 2022). However,
single-path greedy decoding is often brittle. Meth-
ods such as self-consistency address this limitation
by sampling and aggregating multiple reasoning
trajectories (Wang et al., 2023), while least-to-most
prompting improves generalization by decompos-
ing complex problems into simpler subproblems
solved sequentially (Zhou et al., 2023).
Subsequent work introduces additional struc-
ture through search, computation, or interaction.
Program-of-Thoughts separates natural language
reasoning from execution by generating runnable
programs (Chen et al., 2023), Tree-of-Thoughts
expands linear reasoning into a branching search
process (Yao et al., 2023a), and ReAct interleaves
reasoning with tool use to ground generation and
reduce hallucinations (Yao et al., 2023b). While
effective, these approaches are largely evaluated in
open-domain settings. In contrast, our work targets
reasoning within the complex domain of biological
mechanistic pathways.
LLMs for the biomedical domain. Progress in
biomedical language modeling has primarily come
from domain-specific pretraining and task-focused
fine-tuning. Training models on large biomedi-
cal corpora yields strong performance across core
biomedical NLP tasks (Gu et al., 2021), with gener-
ative models such as BioGPT enabling end-to-end
biomedical text generation and mining (Luo et al.,

3We release the dataset to facilitate research into symbolic
explainability and large-scale biomedical reasoning.

2022b). Scaling domain-specific data further bene-
fits clinical applications, as shown by large EHR-
trained models like GatorTron (Yang et al., 2022),
while smaller models trained exclusively on curated
biomedical text remain competitive on biomedical
QA benchmarks (Bolton et al., 2024). Instruction-
tuned medical LLMs extend these advances to ques-
tion answering and dialogue, with systems such as
Med-PalLM and open alternatives demonstrating
strong task performance alongside persistent relia-
bility challenges (Singhal et al., 2023, 2025; Toma
et al., 2023; Zhang et al., 2023).

More recent work shifts attention from broad
biomedical task performance toward explicitly
modeling medical reasoning. Approaches that dis-
entangle knowledge recall from reasoning improve
interpretability and robustness (Jin et al., 2025),
while clinically grounded methods align genera-
tion with physician-like reasoning pathways to re-
duce hallucinations (Wu et al., 2024). Efficient
test-time adaptation further improves medical rea-
soning without full fine-tuning (Shi et al., 2024).
While most of the work in biomedical reasoning
with LLMs focuses on clinical and medical do-
mains, our work focuses on using LLMs for mech-
anistic reasoning over biochemical interactions to
discover consistent signaling pathways.
Biomedical relation datasets. Benchmarks like
BioRED (Luo et al., 2022a) focus on single-hop
relation extraction from localized text, lacking the
multi-hop chains required for mechanistic under-
standing. Our dataset addresses this gap by en-
coding gold reasoning paths and introducing multi-
level contextual granularity, enabling the system-
atic evaluation of compositional logic and explain-
ability in biomedical models.

3 Dataset Construction

Our pipeline consists of three phases: (1) interac-
tion extraction, (2) quality filtering, and (3) multi-
hop path construction.

3.1 Large-Scale Interaction Extraction

A total of 4.19 million research articles from
PubMed are initially considered for the corpus. Af-
ter applying a series of filtering criteria, the corpus
is reduced to 357,161 articles. Articles are retained
if they satisfy at least one of the following condi-
tions: (1) the citation count among the 4.19 million
research articles exceeded the threshold defined
by 24 |0.1 x (2025 — publication_year) | ; or (2)



the journal in which the article is published has
an impact factor of at least 2. Furthermore, arti-
cles with non-empty textual content extracted by
the REACH are only included in the final corpus.
REACH operates by identifying: (a) entities: genes,
proteins, chemicals, diseases, cells, organs, tissues,
and biological processes, normalized to standard
ontologies (e.g., uniprot, go, fplx, etc.); (b) events:
mechanistic interactions such as phosphorylation,
activation, or inhibition; (c) polarity: the type of
the interaction, such as promotion or inhibition.
After this extraction, we obtain 1.9 million individ-
ual interactions. Subsequently, the interactions are
grouped according to their frequency, defined as
the number of distinct articles providing evidence
for each interaction. From these groups, only in-
teractions supported by exactly two independent
articles are selected. These steps substantially re-
duced the noise, retaining only those interactions
with a high probability of representing valid biolog-
ical facts. Applying this criterion yields an initial
pool of 142,916 raw interactions.

3.2 Noise Filtering and Quality Control

Raw extractions contain noise due to parser errors
or ambiguous sentence structures. To ensure the
interactions were suitable for deductive reasoning
and biological relevance, we applied strict filter-
ing constraints: (1) the controller and controlled
entities are required to be distinct; (2) interactions
involving pronouns as entities are removed; and (3)
interactions are retained only if both entities are
categorized as bioprocesses (mesh, go, frailty, bio-
process) or if both entities contain an uppercase
letter or a digit (example shown in Figure 3). After
applying all these filtering criteria, the dataset is
reduced to 107,263 interactions.

We expand the REACH-assigned entity labels
using spaCy (en_core_web_sm) (Honnibal et al.,
2020) to obtain more accurate and contextually
grounded entity descriptions. We then performed
an additional round of stop-word and pronoun fil-
tering on the expanded descriptions. After these
processing steps, the dataset contained a total of
101,097 interactions.

3.3 Multihop Path Construction

We partitioned filtered interactions into training,
validation, and test sets, then linked interactions
within each split to form multi-hop paths while en-
suring strict disjointness (Table 2). To maintain
consistency, we filtered out paths containing in-

ternal bioprocess entities or negated triggers. Con-
struction statistics and final path counts are detailed
in Tables 1 and 2.

4 Evaluation

To construct a high-quality gold standard for evalu-
ation, we randomly sampled 320 2-hop paths from
the test partition, ensuring all instances contained
unique entity pairs and interactions. Each path un-
derwent double-blind review by two independent
annotators (from a pool of four), yielding substan-
tial inter-annotator agreement (Cohen’s x 0.72).
We filtered for strict unanimity, retaining only the
137 paths where both annotators agreed on correct-
ness to serve as the ground truth.

For the experimental benchmark, we evaluated
11 LLMs (7 reasoning, 4 non-reasoning) using four
query types: Relation Existence, N-Hop Count,
Intermediate Entity, and Polarity. We assessed per-
formance across five context levels of increasing
noise: target sentences (with and without symbolic
markup), sentence windows (left-target-right), para-
graphs, and paragraph windows (see Appendix C
for details). All models were restricted to a maxi-
mum output length of 512 tokens, with a limit of 10
retry attempts per query to mitigate format-based
generation failures.

5 Results

Figure 1 demonstrates that performance peaks
when input is restricted to single sentences with
explicit symbolic markup. Removing markup or
expanding context to paragraphs consistently de-
grades accuracy, suggesting that additional unstruc-
tured text acts as noise rather than signal. Reason-
ing models consistently outperform non-reasoning
baselines, exhibiting more graceful degradation
as context grows, whereas non-reasoning models
often collapse beyond sentence-level inputs (Ta-
ble 3). While accuracy generally declines as con-
text increases, several models violate this mono-
tonic trend by recovering performance on multi-
paragraph inputs, suggesting that redundant evi-
dence can partially offset the effects of context
dilution. Among query types, N-Hop reasoning
remains the most challenging, while Polarity pre-
diction is relatively stable (Figure 2), likely due
to reliance on local lexical cues. These results in-
dicate that robust biomedical reasoning requires
structured, interaction-centric evidence rather than
simply larger context windows.
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Figure 1: Impact of contextual complexity on model accuracy (aggregated across all query types). Results show
consistent performance degradation as inputs expand from symbolic sentences to unstructured long evidence, such

as multiple paragraphs.
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Figure 2: Performance breakdown by query type. Averaging across context types reveals N-Hop reasoning remains
the consistent bottleneck, whereas robust Polarity prediction suggests reliance on local lexical cues rather than
complex multistep inference for N-Hop or Intermediate Entity tasks.

Figures 4-5 reveal a trade-off between capability
and stability: while standard models converge im-
mediately, reasoning-oriented models exhibit sig-
nificant fragility. This instability escalates with un-
structured context and task complexity—OpenAl
04 Mini surges from 1.53 to 5.00 attempts in noisy
settings—identifying N-Hop reasoning as the pri-
mary bottleneck (Table 4). However, symbolic
markup acts as a critical stabilizer, reducing retry
rates for models like DeepSeek-R1, whereas out-
liers like Kimi K2 prove consistently inefficient.

6 Discussion

This work highlights that automated mechanis-
tic reasoning remains a challenging task where
neuro-symbolic integration is critical. Our results
demonstrate that performance peaks with symbolic
markup rather than larger contexts, as unstructured
text primarily acts as noise. Furthermore, we iden-
tify a fundamental trade-off between capability and
stability: while reasoning-oriented models outper-
form baselines, they exhibit significant fragility,
frequently triggering “failure loops” on complex

queries. Symbolic markup resolves this tension
as a “dual stabilizer,” enhancing accuracy while
drastically reducing convergence costs, suggesting
that robust reasoning requires structured evidence
rather than simply scaling model size.

7 Conclusion

We presented a scalable methodology for construct-
ing large-scale biomedical mechanistic reasoning
datasets, generating over 5 million semantically
consistent 2-hop paths alongside a human-validated
gold standard. Our benchmarking reveals that
current LLMs struggle with multi-hop inference
in broad contexts, exhibiting a stark trade-off be-
tween reasoning capability and operational stabil-
ity. However, we demonstrate that neuro-symbolic
scaffolding significantly mitigates this fragility, act-
ing as a critical stabilizer that enhances both ac-
curacy and convergence efficiency. By providing
areliable testbed for mechanistic logic, this work
enables new directions for training robust neuro-
symbolic models and advancing automated discov-
ery in biomedical research.



Limitations

While our methodology enables the scalable con-
struction of mechanistic datasets, it entails several
limitations inherent to automated extraction and
heuristic filtering.

Source and Extraction Constraints. Our
pipeline relies on the REACH system, which is
limited by data availability; subscription-based
articles often lack full-text access, restricting
extraction to abstracts and metadata. Furthermore,
automated parsing introduces upstream errors,
including incorrect sentence segmentation (e.g.,
periods within abbreviations breaking syntax trees)
and the omission of specific document sections
like methodology.

Granularity and Evaluation Ambiguity. A crit-
ical challenge in benchmarking reasoning is the
definition of a “hop.” Our gold standard assumes
the REACH-extracted interactions are ground truth;
however, biologically direct interactions may im-
plicitly contain intermediate steps. Consequently,
an LLM might correctly identify a latent intermedi-
ate entity in what we labeled as a 1-hop path, lead-
ing to a false negative in the evaluation. Finally,
despite entity normalization, issues with duplicate
IDs and nested entities (where one entity is a sub-
string of another) may introduce residual noise in
entity grounding.
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A Interaction Filtering

"text": "It may stimulate the proliferation of
skin fibroblasts through ERK signaling and
may also promote osteoblast and mesenchymal

cell differentiation [16].",

"markup”: "<span class=\"event
Positive_activation\"> <span class=\"
controller\"”> It </span> may <span class=\"
trigger\"> stimulate </span> the
proliferation of <span class=\"controlled
\"> skin fibroblasts </span> </span>
through ERK signaling and may also promote
osteoblast and mesenchymal cell
differentiation [16].",

"article": {

"url”: "https://www.ncbi.nlm.nih.gov/pmc/
articles/PMC8033967/"

3,

"controller”: {
"category”: "uaz",
"description”: "It",

3,

"controlled”: {

"category”: "cl”,
"description”: "skin fibroblasts”

Figure 3: Example of a single biomedical interaction
presented as an excerpt of the full JSON. The text
field contains the original sentence from the article,
while the markup field highlights the annotated event,
including the controller (“It”), the trigger (“stimu-
late”), and the controlled entity (“skin fibroblasts™).
The article field provides the source URL, and the
controller and controlled fields include the entity
category and description. Interactions with pronouns
are removed, and only those where both entities are bio-
processes (mesh, go, frailty, bioprocess) or contain an
uppercase letter or digit are retained for multihop path
construction.

B Dataset Statistics

Table 1 shows the data volume statistics across
construction stages, and Table 2 summarizes the
number of resulting 1-hop and 2-hop paths in the
dataset.
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Table 1: Data volume statistics across construction
stages. The dataset construction pipeline proceeds from
document filtering to interaction extraction and path
generation.

Stage Count
Document Processing

Original Source Documents 4.19M

Filtered Documents 350K
Interaction Extraction

Raw Extractions Interactions 142,916

Validated 1-Hop Relations 107,263
Reasoning Path Construction

Constructed 2-Hop Paths ~5M

Table 2: Distribution of reasoning paths across data
splits.

Path Split Count %
Train 60,658 60

1-hop Val 20,219 20
Test 20,220 20

Train 4,063,550 81.55

oo Val 450,251 9.04
p Test 469,001 9.41
Gold 137 -

C Evaluation and Experimental Setup

C.1 Gold Standard Annotation

To establish a high-quality benchmark for biomedi-
cal mechanistic reasoning, we randomly sampled
320 2-hop paths from the 2-hop test partition, ensur-
ing that every selected instance contained unique
entity pairs and interactions. We employed a
double-blind annotation process involving a pool
of four expert annotators, where each path was
independently reviewed by two annotators. The
process yielded substantial inter-annotator agree-
ment, achieving a score of 0.72 on Cohen’s . To
prioritize precision, we filtered the dataset for strict
unanimity, retaining only the instances where both
annotators marked the path as correct. This rigor-
ous selection process resulted in a final gold stan-
dard of 137 validated 2-hop paths for evaluation.

C.2 Evaluation Protocol

We benchmarked the reasoning capabilities of
11 Large Language Models (LLMs), compris-
ing 7 reasoning-oriented architectures and 4 non-
reasoning baselines. The evaluation probed four
distinct aspects of mechanistic understanding using

the following query types:

* Relation Existence: Verifying if a valid bi-
ological interaction exists between the two
entities.

* N-Hop Count: Determining the path length
(number of hops) between entities, assuming
a relation exists.

* Intermediate Entity: Identifying the bridg-
ing entity within a 2-hop path.

 Polarity: Classifying the nature of the inter-
action (e.g., positive/negative).

We assessed model performance across five lev-
els of contextual granularity to analyze the impact
of noise and structure:

1. Target sentence with symbolic markup.
2. Target sentence without symbolic markup.

3. Sentence window (left context + target + right
context).

4. Target paragraph.

5. Paragraph window (left context + target +
right context).

For fair comparison, the maximum output length
was fixed at 512 tokens for all models. To differen-
tiate between reasoning failure and formatting fail-
ure, we allowed up to 10 retry attempts per query
for the model to generate a valid, format-compliant
response.

D Analysis of Performance, Inference
Stability and Convergence
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Figure 4: Impact of context complexity on inference stability. Non-reasoning models (right) demonstrate decisive,
single-attempt convergence regardless of input size, whereas reasoning-oriented models (left) exhibit significant
fragility. Specifically, for models like OpenAI 04 Mini, DeepSeek-R1, and Kimi K2 Thinking, unstructured
contexts (e.g., Multiple Paragraphs) act as noise that triggers “inference thrashing”, resulting in a monotonic increase

in retry rates, whereas symbolic evidence (Sentence with Markup) consistently minimizes the computational cost of
convergence.
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Figure 5: Impact of query complexity on inference stability. A comparison of average retry counts reveals that
while non-reasoning models remain operationally static, reasoning models exhibit task-dependent instability. N-Hop
reasoning consistently demands the most retries for models like OpenAI o4 Mini, DeepSeek-R1, and Kimi K2
Thinking, confirming that multi-step logic is the primary driver of failure loops in few-shot settings. Meanwhile,

Kimi K2 Thinking proves consistently inefficient regardless of task type, approaching the retry limit across the
board.



Table 3: Percentage of correct predictions across models, query types (Relation, N-Hop, Intermediate Entity,
Polarity), and input granularities ranging from Sentence with Markup to Multiple Paragraphs. Models are ordered
by reasoning capability, with the top models being reasoning-oriented and the bottom four being non-reasoning
baselines. Accuracy generally decreases as structural cues are removed and context length increases, with reasoning

models showing greater robustness—particularly for N-Hop queries.

Sentence with | Sentence without | Multiple Multiple

Model Query Type Markup Markup Sentences Paragraph Paragraphs
Relation 50.4 234 18.2 20.4 24.8
Claude Opus | N-Hop 98.5 70.1 54.7 343 35.0
4.5 Intermediate Entity 95.6 83.9 77.4 533 47.4
Polarity 89.1 77.4 74.5 66.4 67.9
Relation 854 66.4 59.1 36.5 44.5
DeepSeek- N-Hop 75.2 54.0 48.2 16.1 17.5
R1:7B Intermediate Entity 73.0 54.0 48.2 24.8 11.7
Polarity 73.7 75.2 67.2 57.7 54.0
Relation 67.9 343 28.5 29.2 27.0
DeepSeek N-Hop 91.2 56.9 52.6 38.0 43.1
V3.2:685B Intermediate Entity 93.4 69.3 62.0 43.1 40.1
Polarity 85.4 75.9 76.6 62.0 69.3
Relation 934 65.7 60.6 49.6 57.7
- N-Hop 96.4 68.6 66.4 39.4 37.2
Gemini 3 Flash o ediate Entity 985 87.6 81.8 599 547
Polarity 854 82.5 75.9 68.6 67.9
Relation 81.8 62.8 56.9 32.1 30.7
N-Hop 92.0 69.3 66.4 40.1 40.1
Grok 4.1 Fast e ediate Bntity 94.2 788 752 56.9 577
Polarity 854 73.7 75.2 67.2 65.7
Relation 69.3 48.2 32.1 5.1 0.7
Kimi K2 N-Hop 65.0 36.5 18.2 22 0.7
Thinking:1T Intermediate Entity 85.4 67.9 54.0 14.6 6.6
Polarity 59.9 394 35.8 10.9 3.6
Relation 61.3 48.9 35.8 15.3 15.3
OpenAl 04 N-Hop 89.1 75.2 67.2 38.0 25.5
Mini Intermediate Entity 82.5 71.5 66.4 44.5 41.6
Polarity 85.4 73.7 70.1 53.3 46.7
Cohere Relation 56.2 48.2 38.7 36.5 35.8
Command N-Hop . _ 67.2 44.5 24.1 22.6 18.2
A:11B Intermediate Entity 89.8 71.5 65.7 40.1 42.3
Polarity 75.9 74.5 68.6 60.6 65.0
Relation 90.5 65.0 58.4 66.4 68.6
) N-Hop 86.1 59.9 37.2 34.3 24.8
Gemma 3:278 I mediate Enity 94.2 723 62.0 40.1 33.6
Polarity 73.0 72.3 74.5 66.4 70.1
Relation 78.8 63.5 55.5 423 43.8
Llama 4 N-Hop 67.2 46.7 26.3 16.1 13.1
Scout:109B Intermediate Entity 92.0 75.2 67.2 423 39.4
Polarity 76.6 75.9 73.0 65.7 69.3
Relation 73.0 453 48.2 474 44.5
Mistral Large | N-Hop 91.2 57.7 42.3 46.0 44.5
3:675B Intermediate Entity 92.0 70.8 64.2 48.2 40.9
Polarity 79.6 73.7 71.5 63.5 65.0




Table 4: Operational stability vs. reasoning depth. Average attempts required for convergence reveal a stark
contrast: standard models (e.g., Mistral Large 3, Gemma 3) exhibit decisive, single-attempt behavior, whereas
reasoning-oriented models (e.g., Kimi K2 Thinking, OpenAI o4 Mini) show increased instability and higher retry

rates as context noise and task difficulty increase.

Sentence with | Sentence without | Multiple Multiple

Model Query Type Markup Markup Sentences Paragraph Paragraphs
Relation 1.07 1.00 1.07 1.07 1.13
Claude Opus | N-Hop 1.07 1.07 1.07 1.13 1.13
4.5 Intermediate Entity 1.07 1.07 1.07 1.07 1.13
Likely Polarity 1.00 1.07 1.07 1.07 1.13
Relation 1.08 1.14 1.31 1.48 2.15
DeepSeek- N-Hop 1.69 1.93 2.48 1.95 2.53
R1:7B Intermediate Entity 1.17 1.43 1.26 1.70 2.13
Likely Polarity 1.39 1.28 1.50 1.47 2.21
Relation 1.00 1.00 1.00 1.00 1.00
DeepSeek N-Hop 1.00 1.00 1.00 1.00 1.00
V3.2:685B Intermediate Entity 1.00 1.00 1.00 1.00 1.00
Likely Polarity 1.00 1.00 1.00 1.00 1.00
Relation 1.00 1.00 1.01 1.00 1.00
- N-Hop 1.00 1.00 1.00 1.00 1.00
Gemini 3 Flash - ediate Entity 1.00 1.00 1.01 112 11
Likely Polarity 1.01 1.00 1.00 1.00 1.05
Relation 1.00 1.00 1.01 1.00 1.00
N-Hop 1.00 1.00 1.00 1.00 1.00
Grok 4.1 Fast I mediate Bntity 1.00 1.00 1.00 1.00 1.00
Likely Polarity 1.00 1.00 1.00 1.00 1.00
Relation 4.41 5.53 6.66 6.28 6.09
Kimi K2 N-Hop 5.54 7.58 9.04 8.12 7.49
Thinking:1T Intermediate Entity 3.05 4.73 6.16 7.53 7.45
Likely Polarity 5.52 7.08 7.54 8.28 7.78
Relation 1.30 1.15 1.34 1.39 1.52
OpenAl 04 N-Hop 1.80 2.34 3.11 3.09 3.52
Mini Intermediate Entity 1.53 2.15 2.82 4.62 5.00
Likely Polarity 1.88 2.26 2.55 4.63 5.20
Cohere Relation 1.00 1.00 1.00 1.00 1.00
Command N-Hop . . 1.00 1.00 1.00 1.00 1.00
A:11B Intermediate Entity 1.00 1.00 1.00 1.00 1.00
Likely Polarity 1.00 1.00 1.00 1.00 1.01
Relation 1.00 1.00 1.00 1.00 1.00
) N-Hop 1.00 1.00 1.00 1.00 1.00
Gemma 3:278 1 mediate Entity 1.00 1.00 1.00 1.00 1.01
Likely Polarity 1.00 1.00 1.00 1.01 1.00
Relation 1.00 1.00 1.00 1.01 1.05
Llama 4 N-Hop 1.00 1.00 1.00 1.02 1.06
Scout:109B Intermediate Entity 1.00 1.00 1.00 1.01 1.02
Likely Polarity 1.00 1.00 1.00 1.03 1.06
Relation 1.00 1.01 1.00 1.00 1.00
Mistral Large | N-Hop 1.00 1.00 1.00 1.00 1.00
3:675B Intermediate Entity 1.00 1.00 1.00 1.00 1.00
Likely Polarity 1.00 1.00 1.00 1.00 1.00
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