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Abstract

Background: Graph neural networks (GNNs) augmented with cross-ontology
attention and Information Accretion (IA)-aware loss functions have been proposed
for protein function prediction. However, the individual contributions of these com-
ponents remain poorly understood due to the lack of controlled component-level
analyses.

Results: We conducted 7 controlled ablation experiments (6 trainable neu-
ral configurations and 1 non-trained frequency baseline) using a CAFA6-derived
evaluation framework across 3 independent seeds, totaling 270 scheduled training
epochs. Removing IA-aware loss components while retaining GCN+Cross-Ontology
attention with standard binary cross-entropy achieved a mean weighted Fmax of
0.3101±0.0022, achieving the highest mean average wFmax among all configurations
with a modest improvement over the MLP baseline (0.3080). IA-weighted training
alone reduced BP wFmax by −0.017 (from 0.2293 to 0.2123); adding the soft-F1

surrogate on top of IA-weighted BCE was associated with an additional −0.014 de-
crease. Cross-ontology attention provided a complementary gain of +0.032 on BP
wFmax. The GCN introduced alone (without cross-ontology attention or IA loss)
degraded BP performance by −0.028 compared to a simple MLP.

Conclusions: The tested IA-aware composite loss was counterproductive in
this GNN-based protein function prediction setting. The optimal configuration
combines GCN on the Gene Ontology DAG, cross-ontology attention, and standard
binary cross-entropy loss. These findings provide a detailed controlled ablation
study quantifying component-level contributions and highlight the importance of
isolating loss design from architectural innovations in future work.

Keywords: Protein function prediction, Gene Ontology, graph neural networks,
ablation study, IA-aware loss, cross-ontology attention
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1 Background

Predicting the biological functions of proteins is a fundamental challenge in computa-
tional biology. The Critical Assessment of Functional Annotation (CAFA) challenge [2,3]
has driven methodological progress through community benchmarks. The CAFA6 com-
petition [14] provided training data for 77,249 proteins annotated with Gene Ontology
(GO) terms across three sub-ontologies: Molecular Function (MF, 3,374 terms), Biological
Process (BP, 12,864 terms), and Cellular Component (CC, 1,793 terms).

Recent approaches combine protein language model embeddings with GNNs operating
on the GO Directed Acyclic Graph (DAG) [1]. The ESM family of protein language mod-
els [9,10,15] provides high-quality residue-level embeddings that transfer well to function
prediction tasks, building on the broader impact of AlphaFold2 [16] in making protein
structural information widely accessible. DeepGOPlus [5] pioneered convolutional neural
networks with protein sequence features. DeepGO-SE [6] further incorporated semantic
entailment through ontology-aware training. Graph-based methods like TALE [7] and
Graph2GO [8] leverage both sequence features and GO graph structure. Network-based
approaches such as deepNF [17] and Mashup [18] demonstrate the value of integrating
protein-protein interaction networks. The NetGO series [19] combines massive network
information with sequence-based features. Recent work has further advanced the field:
MAGIN-GO [21] employs dual GNN architectures with GO structure integration, while
Nguyen et al. [22] demonstrated that combining ESM-2 with AlphaFold2-predicted struc-
tures and GNNs yields enhanced predictions across all three GO sub-ontologies. The most
recent CAFA5 assessment [23] provides a comprehensive benchmark of 148 methods from
70 research groups. The GO knowledgebase continues to evolve with regular releases [20].
Within this journal, recent contributions include SEGT-GO [24] applying graph trans-
formers to PPI networks for function prediction and GO-LTR [25] using multi-view latent
tensor reconstruction. Earlier work by Jones et al. [26] established foundational sequence-
based function prediction methods.

Concurrent to the development of these methods, the field has not systematically
examined the interaction between different components: the GCN module, the cross-
ontology attention mechanism, and the loss function formulation. While individual meth-
ods have demonstrated promising results, to our knowledge, a rigorous controlled ablation
study decomposing IA-aware loss from cross-ontology attention within a GNN framework
has not been reported.

We address this gap in the context of the IA-HierGO pipeline by systematically de-
composing how GCN integration, cross-ontology attention, and IA-aware loss components
individually contribute to prediction quality using a CAFA6-derived evaluation frame-
work.

2 Methods

2.1 Data Preparation

We used the CAFA6 protein function prediction training dataset [14] containing 77,249
proteins. Pre-trained ESM2-150M embeddings (esm2_t30_150M_UR50D) [9] generated
640-dimensional protein representations. The GO term hierarchy was parsed from the
official GO OBO file (release 2024-01-17). Following CAFA-inspired protein-centric eval-
uation metrics [4], we computed Information Accretion (IA) weights for each GO term
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following the standard CAFA protocol: w(t) = − log(p(t)) where p(t) is the empirical
frequency of term t in the training set. GO terms with fewer than 10 annotations were
excluded.

2.2 Model Architecture

The full IA-HierGO architecture consists of three components:
GCN on GO DAG: A two-layer graph convolutional network processes the GO

DAG adjacency matrix to produce term embeddings. Each sub-ontology (MF, BP, CC)
uses an independent GCN encoder.

Cross-Ontology Attention: Learned cross-ontology attention modules (MF → BP,
MF → CC, BP → CC) allow information flow between sub-ontologies.

Prediction Head: Protein embeddings (from ESM2) are projected through a 2-layer
MLP with dropout, then multiplied with term embeddings to produce per-term logits.

2.3 Loss Functions

We evaluate three loss configurations:
(a) Standard BCE: LBCE = BCE(ŷ, y).
(b) IA-Aware Composite Loss: LIA =

∑
t wt · BCE(ŷt, yt) + λ · Lsoft-F1

, where wt

are the IA weights and Lsoft-F1
is a differentiable surrogate for the F1 score weighted by

IA values.
(c) IA-weighted BCE only: LIA-BCE =

∑
t wt · BCE(ŷt, yt), excluding the soft-F1

surrogate term.
All models were trained with AdamW (lr=3×10−4, weight decay=10−4), batch size 64,

15 epochs with early stopping (patience=5), and mixed precision (AMP) on an NVIDIA
RTX 4090 (24 GB).

2.4 Evaluation Metrics

We primarily report IA-weighted Fmax (wFmax), the official CAFA evaluation metric which
incorporates IA weights to emphasize information-rich terms; standard Fmax values com-
puted without IA weighting are reserved for supplementary analysis:

wFmax = max
τ

2 · pr
w

(τ) · rcw(τ)

pr
w

(τ) + rcw(τ)
, pr

w
=

∑
t wt · TPt

∑
t wt · (TPt + FPt)

(1)

where the maximum is taken over all decision thresholds τ ∈ [0, 1]. Average wFmax

values are reported as mean ± standard deviation across 3 independent seeds. Per-
ontology values are reported as seed-averaged means; per-seed breakdowns are provided
in Supplementary Table S1.

2.5 Experimental Design

We designed 7 experiments (Table 1) forming a causal chain that isolates each component:
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Table 1: Experimental design matrix. The Loss column indicates the training objective
used for each configuration.

# Experiment GCN CrossOnto Loss

E1 Naive Frequency – – None
E2 GCN Only ✓ – BCE
E3 MLP Baseline – – BCE
E4 Full IA-HierGO ✓ ✓ IA-weighted BCE + soft-F1

E5 BCE+Cross ✓ ✓ BCE
E6 BCE only ✓ – BCE
E7 IA-BCE only ✓ ✓ IA-weighted BCE

Because the official CAFA6 hidden test labels were not publicly available at the time of
writing, all experiments were conducted on CAFA6-derived train, validation, and held-out
test splits. Therefore, the reported results should be interpreted as a controlled ablation
benchmark rather than an official CAFA6 leaderboard evaluation. Each trainable config-
uration was trained for up to 15 epochs with 3 independent seeds, corresponding to 270
maximum scheduled epochs across the 6 trainable configurations (E1 was evaluated with-
out model training). All wFmax values are reported using real IA weights for evaluation
consistency.

3 Results

3.1 Overall Performance

Figure 1 and Table 2 present the complete ablation results. The optimal configuration
E5 (BCE+Cross) achieves a mean average wFmax of 0.3101 ± 0.0022, achieving the high-
est mean among all configurations, with a modest improvement over the MLP baseline
(0.3080 ± 0.0005).

E1 Naive E2 GCN Only E3 MLP Baseline E4 IA+softF1+Cross E5 BCE+Cross (BEST) E6 BCE only E7 IA-BCE only
0.10

0.15

0.20

0.25

0.30

0.35

0.40

w
F m

ax

BEST

0.175

0.293

0.308
0.300

0.310

0.298 0.298

Per-Ontology and Average wFmax Across All Ablations

MF BP CC

Figure 1: Per-ontology and average wFmax across all ablation experiments. Each bar group
shows MF (red), BP (blue), and CC (green) wFmax values. Black diamonds indicate the
average wFmax across the three sub-ontologies.
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3.2 IA Loss Decomposition

The causal chain from E5 (BCE+Cross, BP wFmax = 0.2293) through E7 (IA-BCE only,
0.2123) to E4 (IA+soft-F1, 0.1986) provides a fine-grained decomposition of the IA-aware
loss’s effect (Figure 2):

• IA weight alone (E5 → E7): BP wFmax decreases by −0.017.

• Soft-F1 surrogate (E7 → E4): Adding the soft-F1 surrogate on top of IA-weighted
BCE was associated with an additional BP wFmax decrease of −0.014. Because the
corresponding BCE+soft-F1 experiment without IA weighting was not completed,
this should be interpreted as a conditional incremental effect rather than an isolated
soft-F1 contribution.

• Combined: IA-aware composite loss reduces BP wFmax by −0.031 from the BCE-
only configuration.

BCE+Cross
(E5 BEST)

IA Weight
added (E7)

Soft-F1
added (E4)

0.18

0.19

0.20

0.21

0.22

0.23

0.24

0.25

BP
 w
F m

ax

0.2293

0.2123

0.1986

IA weight:
-0.017

Soft-F1:
-0.014

IA Loss Component Decomposition (BP Sub-ontology)

Figure 2: IA loss component decomposition on BP wFmax. The observed cumulative
decrease under successive additions of IA weighting and soft-F1 within the tested formu-
lation is shown.

3.3 Component Contribution Analysis

Figure 3 quantifies the individual component effects on BP wFmax:
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-0.0307

-0.0170

-0.0278
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Figure 3: Component contribution analysis on BP wFmax. Positive values (green) indi-
cate performance improvement; negative values (red) indicate degradation relative to the
optimal configuration (E5).

The cross-ontology attention provides a substantial benefit (+0.032 on BP wFmax),
partially compensating for the GCN overhead (−0.028). The IA-aware loss compo-
nents (weight and soft-F1) are the primary performance degraders, with the cancellation
effect— IA loss damage (−0.031) approximately offsetting cross-ontology attention gain
(+0.032)—explaining why the naive GCN-only configuration (E2) and the IA-HierGO
Full configuration (E4) yield similar performance.

3.4 Per-Ontology Analysis

Table 2 presents the complete per-ontology breakdown for the key experiments. The
naive baseline (E1) achieves wFmax of 0.1749, establishing the task lower bound. The
GCN-only architecture (E2, 0.2926) and the MLP baseline (E3, 0.3080) demonstrate that
simple architectures can perform competitively without ontological structure. The E5
configuration (BCE+Cross, 0.3101) represents the optimal trade-off.

Table 2: Complete wFmax results across ontologies.

Experiment Avg wFmax MF wFmax BP wFmax CC wFmax

E1: Naive 0.1749 ± 0.0000 0.1551 0.1428 0.2267
E2: GCN Only 0.2926 ± 0.0012 0.3225 0.2114 0.3439
E3: MLP Baseline 0.3080 ± 0.0005 0.3374 0.2249 0.3615
E4: Full IA-HierGO 0.3003 ± 0.0009 0.3387 0.1986 0.3635
E5: BCE+Cross 0.3101 ± 0.0022 0.3309 0.2293 0.3701
E6: BCE only 0.2976 ± 0.0010 0.3395 0.1971 0.3562
E7: IA-BCE only 0.2977 ± 0.0003 0.3241 0.2123 0.3561

Note: An additional experiment (E8: BCE+soft-F1 with uniform IA training and real-
IA evaluation) was designed to isolate the soft-F1 surrogate effect independently from IA
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weighting. After three attempts on the shared compute infrastructure, this experiment
could not be completed due to container recycling constraints. The available evidence from
E4–E7 provides a partial loss-level decomposition of the IA-aware loss’s effect under the
tested formulation; E8 remains necessary to isolate the soft-F1 surrogate independently
from IA weighting.

4 Discussion

4.1 IA-Aware Loss: A Cautionary Tale

The most striking finding of this study is the cumulative performance penalty imposed by
IA-aware loss components. IA weighting alone reduces BP wFmax by −0.017, and adding
the soft-F1 surrogate on top of IA-weighted BCE is associated with an additional −0.014
decrease. This is particularly counterintuitive: IA weights are designed to emphasize
information-rich terms that are typically underrepresented in the training data, yet their
incorporation into the training objective degrades the very metric they aim to optimize.

We hypothesize that high IA weights may amplify gradient variance for rare-term
predictions, creating an optimization challenge in the tested configuration. The soft-
F1 surrogate further complicates the optimization landscape by introducing a non-linear,
threshold-dependent objective that may conflict with the smooth BCE gradient. However,
without E8 (BCE + soft-F1 without IA weighting), we cannot definitively attribute the
effect to rare-term weighting versus the surrogate’s structure alone, and this hypothesis
should be interpreted accordingly.

4.2 Cross-Ontology Attention as a Key Enabler

The +0.032 BP wFmax gain from cross-ontology attention (E6 → E5) suggests that infor-
mation transfer between sub-ontologies is beneficial. Biological processes (BP) form the
largest and most complex sub-ontology, and MF and CC features likely provide auxiliary
signals that improve BP prediction accuracy. The single-hop attention design is suffi-
cient to capture these cross-ontology dependencies without introducing excessive model
complexity.

4.3 The Cancellation Effect

One mechanism explains the unexpected equivalence between IA-HierGO Full (E4, 0.3003)
and BCE-only without attention (E6, 0.2976): the damage from IA-aware loss (−0.031
BP) can be almost exactly offset by the benefit of cross-ontology attention (+0.032 BP).
This cancellation effect may explain why previous work using both IA-aware loss and cross-
ontology attention did not report the individual component contributions—the aggregated
performance masks the underlying tension between loss design and model architecture.

4.4 Methodological Implications

Our results carry practical lessons for future work on protein function prediction:

1. Always conduct component-level ablations. Without isolating individual com-
ponents (IA weights, soft-F1, cross-ontology attention, GCN), the cancellation effect
would remain hidden.

7



2. Separate training objectives from evaluation metrics. IA weights can be ap-
plied at inference time (as they are in the official CAFA wFmax calculation) without
being incorporated into the training loss.

3. Standard BCE is a strong baseline. For protein function prediction with mod-
ern protein language model embeddings, a simple MLP+BCE configuration can
outperform over-engineered architectures with poorly-tuned auxiliary objectives.

4.5 Limitations

Several limitations should be acknowledged. First, the CAFA6 official test set was not
publicly available, so results are based on train/validation/test splits derived from compe-
tition training data. Second, the GCN architecture uses the 2024-01-17 GO release, which
may not match future CAFA evaluations. Third, E8 (BCE+soft-F1 without IA weight-
ing) was attempted but could not be completed due to container recycling on shared
infrastructure; this experiment remains necessary to fully isolate the soft-F1 surrogate
from IA weighting. Fourth, the study evaluates only one GCN variant (two-layer GCN
with learned term embeddings). Fifth, the results are based on 3 seeds per configuration;
larger seed counts would reduce standard errors. The results should be interpreted as a
controlled benchmark rather than an official CAFA6 leaderboard evaluation.

5 Conclusions

Through 7 controlled ablation experiments across 3 independent seeds, we conducted a
detailed investigation of 270 scheduled training epochs across 6 trainable neural configu-
rations plus one non-trained baseline. Our key findings are:

1. The tested IA-aware composite loss degraded performance in the tested
configuration, reducing BP wFmax by −0.031 from the BCE-only baseline; IA weight-
ing alone accounts for approximately 55% of this decrease (−0.017) and adding the
soft-F1 surrogate on top was associated with an additional −0.014 decrease.

2. Cross-ontology attention is the single most beneficial component, provid-
ing a +0.032 BP wFmax gain and enabling the best configuration (E5) to surpass
the MLP baseline.

3. GCN integration alone degrades performance by −0.028 BP wFmax (MLP →

E6), but its negative effect is almost exactly offset by the cross-ontology attention
gain.

4. A cancellation effect between IA-aware loss damage (−0.031) and cross-ontology
attention benefit (+0.032) explains why previous architectures combining both com-
ponents produced results comparable to simple baselines.

These results suggest that future work on protein function prediction should: (a)
avoid assuming that IA weighting is beneficial as a training objective and validate IA-
aware losses separately from IA-weighted evaluation metrics, (b) prioritize cross-ontology
information flow mechanisms, and (c) always validate component contributions through
controlled ablation experiments. The optimal configuration identified here—GCN on GO
DAG with cross-ontology attention and standard BCE loss—achieves a mean average
wFmax of 0.3101 ± 0.0022.
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