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Abstract

Neural IR models achieve strong performance
but remain difficult to interpret. We present
NEAT-IR, a black-box analysis framework that
explains ColBERT’s ranking behavior using
26 classical IR features (BM25, TF-IDF, IDF
measures, positional signals). We analyze Col-
BERT through two complementary lenses: re-
gression (predicting exact scores) and learning-
to-rank (predicting relative order), evaluated
on MS MARCO (48,250 query—passage pairs).
Our key finding is a score-rank gap: classical
features preserve ColBERT’s rankings nearly
perfectly (N DCG@Q5 ~ 0.99) yet explain only
R? =~ (.28 of score variance. Feature attribu-
tion reveals that regression and ranking mod-
els rely on distinct feature subsets: query-level
IDF signals dominate score prediction, while
document-matching features (BM25, cosine
TF-IDF) drive ranking preservation. These find-
ings suggest that ColBERT’s ordinal behavior
on MS MARCO is largely recoverable from
classical signals, while neural contributions
primarily affect score magnitude. NEAT-IR
enables practitioners to diagnose when neural
rankers deviate from classical patterns, support-
ing interpretable model auditing and informed
hybrid pipeline design.

1 Introduction

Neural information retrieval models like Col-
BERT (Khattab and Zaharia, 2020) achieve state-
of-the-art performance but remain difficult to in-
terpret. These models combine lexical matching
with semantic understanding learned from large
corpora through attention mechanisms and contex-
tualized embeddings (Devlin et al., 2019), yet it is
unclear how much each contributes to final rank-
ings. Recent explainability work (Anand et al.,
2022; Fernando et al., 2019; Lundberg and Lee,
2017) focuses on model-internal signals such as
attention weights and SHAP values, showing how
models compute but not whether they follow in-

Connor Jason
WPI
cjason@wpi.edu

Nina Klimenkova
WPI
nklimenkova@wpi.edu

terpretable IR principles. Practitioners need rigor-
ous evaluation of explanation quality (Doshi-Velez
and Kim, 2017) and methods grounded in domain
knowledge.

We present NEAT-IR, defining explainability as
behavioral fidelity: the degree to which a model’s
input—output mapping can be reproduced by inter-
pretable, domain-native features (BM25, TF-IDF,
positional signals), without claims about internal
mechanisms. Our hypothesis: if CoIBERT captures
semantic matching beyond lexical overlap, classi-
cal features should poorly approximate its behavior;
high approximation would suggest neural models
remain grounded in classical IR principles (Robert-
son and Zaragoza, 2009). Unlike prior work that
analyzes model internals (Formal et al., 2021), we
treat ColBERT as a black box and quantify, for
the first time, the score-rank gap: the divergence
between score prediction and ranking preservation.

We analyze ColBERT through two complemen-
tary lenses: regression (predicting exact scores)
and ranking (predicting relative order), designed
to reveal different aspects of its behavior in se-
quence. Classical features preserve rankings nearly
perfectly yet predict less than a third of score vari-
ance, showing that they capture ordinal structure
but not score magnitudes. Feature attribution via
intrinsic importance (global) and SHAP (local) ex-
plains why the two tasks diverge: the score—rank
gap only becomes visible when cardinal and ordi-
nal evaluations are placed side by side.

2 Related Work

Explainable Neural Ranking. Explainability
methods for neural IR range from token-level
saliency to model-agnostic surrogates. Prediction
decomposition via DeepSHAP has been applied to
neural rankers (Fernando et al., 2019), and local
approximation via LIME offers model-agnostic ex-
planations (Ribeiro et al., 2016). However, both
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methods operate on raw input features rather than
familiar IR concepts such as BM25 or query cover-
age (Anand et al., 2023).

Classical vs. Neural IR. The transition from
classical probabilistic models (Robertson and
Zaragoza, 2009) to neural architectures (Vaswani
et al., 2017) raised questions about what neural
models learn beyond term matching. Dense retriev-
ers achieve strong performance through learned
semantic representations (Karpukhin et al., 2020),
yet neural rerankers often rely on simple lexical
patterns (Lin et al., 2021). ColBERT in particu-
lar has been shown to largely rediscover lexical
term importance on in-domain data while strug-
gling to generalize out-of-domain (Formal et al.,
2022). Our work quantifies this relationship by pre-
dicting ColBERT’s scores from classical features
alone.

Score Semantics and Explainability Metrics.
Neural rankers have been shown to optimize rela-
tive document orderings rather than calibrated ab-
solute scores (Yu et al., 2025), a concern directly
related to our score-rank gap. The neural contri-
bution has also been framed as a residual correc-
tion atop BM25 (Gao et al., 2021), suggesting that
classical signals form a strong baseline that neural
models refine rather than replace. Complemen-
tary evaluation frameworks propose intrinsic and
extrinsic explainability metrics for neural rankers,
demonstrating that the most relevant models are
not necessarily the most explainable (Pandian et al.,
2024).

Feature-Based Analysis. Neural models have
been shown to replicate classical patterns in vi-
sion (Zhou et al., 2015) and NLP (Rogers et al.,
2020; Tenney et al., 2019), but no prior work ex-
amines this for IR-specific features such as BM25
or IDF aggregates.

3 Method

3.1 Feature Engineering

We extract 26 features in four categories: lexical
matching (term/n-gram overlaps), statistical scor-
ing (BM25, TF-IDF, IDF-based weighting), posi-
tional signals (where query terms appear in docu-
ment), and document properties (length, vocabulary
diversity). Table 1 summarizes these categories.
We select features using the elbow method (Fig-
ure 1) with a 1% marginal improvement threshold.
At 10 features, marginal improvement falls below
this threshold (AR? = 0.0013). This configura-

Category Count Examples
Statistical Scoring 11 BM25, TF-IDF, IDF
Lexical Matching 9 N-grams, coverage
Positional Signals 5 Position, span
Document Properties 4 Length, diversity

Table 1: Feature categories.

tion achieves R% = 0.273, comparable to the full
26-feature model while reducing dimensionality by
62%.

Elbow Method Diminishing Returns

~#- Mean R?
20 25

5

10 15
Number of Features

Figure 1: Elbow method for feature selection: R? per-
formance (left) and marginal improvement (right).

3.2 Models and Evaluation

We train two types of models to analyze ColBERT
from different perspectives:

Regression models predict exact ColBERT
scores, measuring how well classical features ap-
proximate neural scoring. We train both Random
Forest and XGBoost regressors; both achieve simi-
lar R? (Table 2).

Model R? MSE
Random Forest 0.278 +0.006  6.223
XGBoost Reg 0.262 £ 0.007  6.363

Table 2: Classical features explain 28% of ColBERT’s
scoring variance.

Ranking model predicts relative document or-
der within each query, measuring whether classi-
cal features preserve ColBERT’s ranking decisions.
We use XGBoost Ranker optimizing NDCG@5.

Figure 2 shows high correlation between regres-
sion models (Pearson: 0.962) and moderate corre-
lation with the Ranker (Pearson: 0.644). We use
Random Forest for feature importance analysis due
to its interpretability.

All models use 5-fold GroupKFold cross-
validation grouped by query_id. NDCG@5 re-
mains stable across hyperparameter configurations
(range: 0.001) while R? shows moderate sensitivity
(range: 0.06). We therefore treat ranking preserva-
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Figure 2: Inter-model correlation matrices (Pearson and
Spearman).

tion as the primary robust finding and score predic-
tion as an approximate diagnostic.

3.3 Evaluation Metrics

Score Approximation: R? measures how well
classical features predict ColBERT scores. We note
that our target is ColBERT’s behavior (predicted
scores), not human relevance judgments; NEAT-IR
explains the model, not relevance itself.

Ranking Preservation: We use three metrics:
(1) Kendall’s 7 for rank correlation; (2) Spear-
man’s p for monotonic relationships; (3) NDCG@5
for weighted agreement at top-5 positions. High
NDCG@5 with moderate R? would indicate that
classical features capture ordinal but not cardinal
properties of ColBERT scores.

Feature Importance: We analyze at two levels:
global importance via Random Forest impurity de-
crease, and local explanations via per-prediction
SHAP values.

4 Experiments

4.1 Setup

Dataset: MS MARCO v1.1 (Nguyen et al., 2016),
9,650 queries x 5 passages = 48,250 pairs.

Neural Model: ColBERT v2.0 (Khattab and
Zaharia, 2020) scores serve as prediction targets.
On the MS MARCO deyv set, CoIBERTV2 achieves
MRR@10 =0.397 and Recall@1000 = 0.984 (San-
thanam et al., 2022), establishing it as a strong
neural baseline whose ranking behavior is worth
explaining.

Implementation: NLTK for tokenization, scikit-
learn for TF-IDF and Random Forest, XGBoost for
ranking.

4.2 Results

Score Prediction. Both models achieve R? ~ (.28
and MSE = 6.2 (Table 2), with similar correlation
to the Ranker as shown in Figure 2.

Ranking Preservation. Table 3 shows rank-
ing agreement between model predictions and Col-
BERT scores.

Model T P
XGB Ranker 0.38 0.44

NDCG @5
0.9914

Table 3: Per-query ranking agreement with ColBERT.

Per-query correlations are moderate (7 = 0.38,
p = 0.44) with high variance (std ~ 0.4), yet XG-
Boost Ranker achieves NDCG@5 = 0.99. This is
because 7 and p penalize disagreement at all ranks
equally, while NDCG @5 focuses on top positions
where users look first.

We call this the score-rank gap: moderate score
prediction (R? ~ 0.28) coexists with near-perfect
ranking preservation (N DCG@5 ~ 0.99). Classi-
cal features predict which documents rank higher,
but not how much higher they should score.

Feature Importance. Figure 3 compares in-
trinsic importance between regression and ranker
models.

Feature Importance: Regression vs Ranker
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Figure 3: Intrinsic feature importance: regression (blue)
vs. ranker (green).

Intrinsic importance: Regression prioritizes lexi-
cal coverage features (query_terms_coverage: 0.17,
term_overlap_ratio: 0.17) and query-level IDF
(avg_query_idf: 0.14). The ranker instead em-
phasizes statistical scoring (bm25_score: 0.10,
idf_sum_matched: 0.08).

SHAP (local): We compute SHAP values
for both models to explain per-prediction be-
havior. As shown in Figure 4, the regres-
sion model is dominated by query-level features
(avg_query_idf: 0.45, query_length: 0.45),
reflecting that score magnitude is largely deter-
mined by query characteristics rather than doc-
ument content. In contrast, Figure 5 shows
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that the ranker relies primarily on document-
matching features (cosine_similarity_tfidf:
0.09, idf_sum_matched: 0.07), which capture how
well a document aligns with the query terms.

RandomForest Regression - Feature Importance (SHAP)
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Figure 4: SHAP feature importance for the regression
model (RandomForest).

XGBoost Ranker (Pairwise) - Feature Importance (SHAP)
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Figure 5: SHAP feature importance for the ranking
model (XGBoost Ranker).

5 Discussion

5.1 Key Findings

Classical Feature Dominance. As shown in Sec-
tion 4.2, classical IR features dominate both global
and local importance measures across regression
and ranking models. Despite using dense embed-
dings without explicit term weighting, CoIBERT’s
output behavior on MS MARCO closely mirrors
classical scoring patterns (Robertson and Zaragoza,
2009).

Query-Level IDF Weighting. The feature
avg_query_idf shows the highest regression SHAP
(0.45), tied with query_length. Query-level IDF
aggregation is not a standard scoring signal; BM25
applies IDF per-term, not as a query summary. This
suggests ColBERT adjusts scores based on query
specificity: queries with rare terms receive higher
scores.

Task-Dependent Features. The regression—
ranking feature divergence (Section 4.2) provides a
mechanistic account of the score—rank gap: query-
level features set the score scale per query, while
document-matching features determine relative or-
der within it. Together, our three evaluation axes
(fidelity R2, ranking preservation NDCG@5, and
feature attribution SHAP) follow best practices for
interpretability evaluation (Doshi-Velez and Kim,
2017) and jointly characterize this gap. For context,
a random ranker achieves N DC'G@Q5 ~ 0.59 on
this 5-candidate setup (assuming one relevant pas-
sage per query), confirming that the near-perfect
ranking preservation reflects genuine classical—
neural alignment rather than an artifact of the con-
strained pool.

5.2 Practical Implications

On the evaluated dataset, classical features achieve
near-perfect top-5 ranking preservation (NDCG @5
~ 0.99) at lower computational cost. The diver-
gence between NDCG @5 and per-query rank cor-
relations (7 = 0.38) is itself an instance of the
score—rank gap: classical features reliably recover
the relative order at positions that matter most to
users, while exact pairwise orderings deeper in the
candidate list are less consistent. If this pattern gen-
eralizes, it would support hybrid pipelines where
classical features handle candidate selection and
neural models add value through final reranking.

6 Limitations

Dataset: MS MARCO is dominated by factoid,
short-answer questions where lexical matching is
inherently effective (Thakur et al., 2021). Our
near-perfect ranking preservation likely reflects this
lexical bias: on semantically demanding bench-
marks such as BEIR (Thakur et al., 2021) or TREC-
DL (Craswell et al., 2020), where queries require
multi-hop reasoning, paraphrase understanding, or
entity resolution, we would expect classical recov-
erability to decrease substantially.

Candidate Set Size: With only 5 passages per
query, NDCG @5 evaluates the entire candidate list,
which may inflate ranking preservation relative to
operational top-100 reranking settings where finer-
grained ranking distinctions become necessary.

Architecture: We analyze only ColBERT; dense
retrievers (DPR) or cross-encoders may exhibit dif-
ferent classical-neural boundaries.

Feature Space: Our 26 features may not capture
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all signals available to ColBERT. Low R? could
partly reflect feature-set insufficiency rather than
genuine semantic reasoning.

Explanation vs. Justification: High feature—
output correlation does not imply that ColBERT
internally computes classical signals. NEAT-IR is
best used as a diagnostic tool, as its explanations
may reflect model outputs rather than model rea-
soning.

6.1 Failure Analysis

Not all queries are equally recoverable. We ex-
amine cases where NEAT-IR’s ranking diverges
most from ColBERT (lowest per-query NDCG@5).
These failure cases fall into two categories:
(1) queries requiring genuine semantic matching
beyond lexical overlap, such as paraphrase-heavy
or entity-coreference queries where ColBERT suc-
ceeds but classical features lack the necessary sig-
nals; and (2) queries where ColBERT itself un-
derperforms, producing noisy scores that neither
classical nor neural features rank consistently. Dis-
tinguishing these categories is important: type (1)
failures reveal ColBERT’s genuine neural contri-
bution, while type (2) failures reflect noise rather
than semantic depth. A systematic characterization
of failure types would help practitioners identify
when neural reranking provides genuine value over
classical alternatives.

6.2 Distillation Potential

The near-perfect ranking preservation (NDCG@5
~ 0.99) raises a practical question: can Col-
BERT be distilled into a lightweight feature-based
ranker for deployment? Our results suggest that
for factoid-heavy settings like MS MARCO, a
classical-feature ranker trained on ColBERT’s out-
puts could serve as an efficient proxy, reducing
inference cost while maintaining ranking quality.
However, such distillation would likely inherit
the limitations of the training distribution. Out-
of-domain generalization remains an open con-
cern: ColBERT’s advantage over classical methods
is most pronounced on semantically demanding
benchmarks (Formal et al., 2022), precisely the
settings where distilled classical surrogates would
be expected to degrade. Validating distillation ro-
bustness across domains is a necessary step before
deployment.

7 Conclusion

We introduced NEAT-IR, a framework that quan-
tifies the classical-neural boundary in modern IR.
By analyzing ColBERT through both regression
(score prediction) and ranking (order preservation),
we reveal the score—rank gap: classical features
achieve 28% score explanation but 99% ranking
preservation.

On MS MARCO, our analysis suggests that: (1)
ColBERT’s output behavior closely mirrors classi-
cal scoring patterns (BM25, TF-IDF), though this
may partly reflect the dataset’s lexical bias; (2)
query difficulty adjustment represents a candidate
neural contribution beyond classical features; (3)
regression and ranking models rely on different
feature subsets, explaining the score—rank gap.

NEAT-IR enables interpretable debugging using
domain vocabulary. Practitioners can identify when
neural models deviate from classical patterns, sig-
naling semantic contribution versus lexical match-
ing. The 99% ranking preservation supports hybrid
architectures: classical features for candidate selec-
tion, neural models for reranking.

8 Future Work

Three directions follow naturally from our findings.
First, the score-rank gap should be tested on seman-
tically demanding benchmarks (BEIR, TREC-DL)
and larger candidate sets (top-100) to determine
whether recoverability by classical features reflects
dataset bias or a more general property of ColBERT.
Second, per-query failure analysis at deeper cutoffs
(top-20, top-100) and white-box inspection of inter-
nal representations would provide a more complete
picture of where and why ColBERT goes beyond
classical ranking patterns. Third, query-level re-
coverability signals (IDF statistics, query length,
lexical ambiguity) could help predict which queries
benefit from neural models and which are handled
well by classical features alone.
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