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Abstract

Transformer-based ranking models, such as MonoBERT, are central
to Information Retrieval; yet their inner workings remain largely
opaque. This hinders not only our understanding of the systems
implementing them, but also our ability to improve them. To allevi-
ate this limitation, we introduce IR Lens, a new interpretability tool
tailored to cross-encoders based on two key components: 1) Neuron
Integrated Gradients to expose the contributions of model parts
at multiple levels, and 2) targeted ablations to support hypothesis
tracking. With its interactive graphical interface, IR Lens enables
IR practitioners to explore, analyze, and manipulate neuron-level
mechanisms in cross-encoders, facilitating a deeper understanding
of neural ranking models. By extending the reach of existing inter-
pretability methods, we believe IR Lens has the potential to support
the improvement of cross-encoders.

CCS Concepts

« Information systems — Retrieval models and ranking; «
Human-centered computing — Visualization systems and
tools.
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1 Introduction

While Transformer-based models [23] have been widely used in
Information Retrieval (IR), their inner workings remain largely un-
known. The "black-box" nature of these systems has led to the devel-
opment of various interpretability (XAI) approaches [5, 6, 16, 17, 19].
In IR, such approaches have revealed the role of specific attention
heads in capturing matching signals [12], as well as directional
patterns in the flow of information between query and document
representations [27]. Recently, Vast et al. [22] applied Neuron In-
tegrated Gradients (NIGs) [18] to cross-encoders, uncovering the
relative importance of different model components in the relevance
prediction process. While these interpretability studies provide
valuable insights for the IR research community, their practical im-
pact remains limited, as the underlying methods lack interactivity,
which greatly hinders the discoverability of the system’s behavior.

To address this, we introduce IR Lens', a web-based interpretabil-
ity tool for cross-encoders that makes NIG-based analysis inter-
active and accessible to IR practitioners with different levels of
expertise. Rather than exposing raw attribution scores, IR Lens
emphasizes progressive exploration and interaction with cross-
encoders’ internal components, allowing users to inspect their hid-
den mechanisms. The interface helps identify model components
that contribute most to relevance predictions: for a given query-
document pair, users can inspect components at multiple levels of
granularity—from entire layers down to individual FFN neurons or
information transfers in the attention—and formulate hypotheses
about their role by performing side-by-side comparisons of ablation
strategies. Beyond standard NIG computation, users can also com-
pute conditional NIGs to trace which components most influenced
a given intermediate output. By integrating these capabilities into a
unified tool, IR Lens targets a broad audience—from PhD students
to IR practitioners looking to debug deployed models—and repre-
sents a first step toward bridging the gap between interpretability
methods and usable interactive tools in IR.

IR Lens can be accessed here: https://ir-lens.isirupme.fr and the code is publicly
available: https://gitlab.isir.upmc.fr/branga/IR-Lens.
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2 Related Works

Most existing interpretability systems for explaining transformer
language models rely on attention visualizations to expose token-to-
token interactions across layers, typically using bipartite representa-
tions as done by BertViz [24], which supports head-level inspection
alongside global overviews of attention patterns. Other tools extend
this analysis by linking attention and hidden representations to
corpus-level evidence, allowing users to retrieve similar contexts
and assess whether observed behaviors generalize beyond a single
input [1, 9]. Another example, AttentionViz [26], uses scatterplots
to compare attention heads and highlight recurring attention pat-
terns across many inputs and layers. While these approaches are
effective for inspecting general language behavior, they are not
designed to reflect task specific structures, such as the asymmetric
roles of query and document tokens or relevance oriented decision
processes, which limits their applicability to IR.

In addition to attention-based inspection tools, interactive sys-
tems embed attribution methods and intervention mechanisms
within visual analytic environments. LIT [20], for instance, supports
dataset inspection together with salience-style explanations and at-
tention views inside a modular interface. Other systems emphasize
tracing how predictions are formed by extracting and visualizing
token level pathways through transformer computations. VISIT
[10] presents these pathways using a Sankey-style diagram and
logit-lens projections, and the LM Transparency Tool [21] high-
lights influential components and routes through the model using
related flow based views. TransformerLens [13] is a library com-
monly used that supports logit lens inspection through direct access
to activations. Finally, other interactive systems enable direct inter-
vention on model internals, such as ablating neuron contributions
[8] or pruning attention heads [11] and inspecting the resulting
behavioral changes. However, these tools are primarily designed for
interpreting general language model behavior and do not explicitly
target task-specific models such as cross-encoders for IR.

A broader view on task-specific models within explainable IR
is summarized by Anand et al. [2]. In this context, Zhan et al. [28]
analyze BERT based ranking models using attribution based token
importance including breakdowns by token types (query, document,
and special tokens) to study query document interaction behavior.
Vast et al. [22] apply Neuron Integrated Gradients (NIG) to cross
encoders to attribute relevance predictions to internal components
such as neurons and attention substructures, while Lu et al. [12]
develop a Mechanistic Interpretability framework tailored to IR
further formalize how internal components influence relevance
predictions. Including, Parry et al. [15] who propose a library to
conduct Mechanistic Interpretability on IR models, XAI works in
IR remain largely analytical and code-driven. This offers limited
support for interactive exploration or hypothesis driven analysis,
motivating the need for tools that bridge mechanistic interpretabil-
ity methods and IR specific workflows.

3 Neuron Integrated Gradients

Cross-encoders classify a query-document (Q, D) couple as relevant
or not relevant. Their input is typically composed by the following
sequence: P = {[CLS],Q, [SEP1], D, [SEP2]}.The transformer
architecture updates the representation of the input tokens after
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each layer £ € [1...L] by performing a sequence of two main
processing steps, namely residual updates through self-attention
and feed-forward networks (FFN). Finally, the classification head
of a cross-encoder is applied to the token representation [CLS] of
the last layer L, which outputs a relevance score for the document
w.r.t. the query.

To study the importance of these processing steps, we use the
Neuron Integrated Gradients [18] approach (NIG). NIG is an in-
terpretability technique that extends Integrated Gradients [19] to
attribute the importance of individual neurons within a model. In a
transformer, NIG scores are meaningfully defined for the outputs
of attention heads and for the intermediate outputs of FFN layers,
as these are the rotation-invariant components of the architecture—
their individual dimensions carry interpretable meaning indepen-
dently of the chosen basis.

Following [22], we compute the NIG score for each such neuron.
IR Lens then aggregates these per-neuron scores at two levels.
First, scores are summed within each component (e.g., across an
attention head or all neurons of an FFN layer). Second, scores are
grouped by input parts from P: for an attention head h at layer ¢,
this means separating contributions by source—target input part
pairs (e.g.,aggregating the NIG scores of all query-to-document
attention connections within head h), while for an FFN layer, this
means grouping by which input part’s tokens are being processed
(e.g., all document tokens D). This two-level aggregation provides
a finer-grained analysis that reveals the nature of the operation
performed by each component.

4 Design goals

IR Lens was designed to support the interpretability of transformer-
based cross-encoders by enabling users to explore neuron-level
hidden mechanisms, provided by NIG values, and examine their
robustness through targeted ablations. The design follows the ob-
servation that understanding neural ranking models requires more
than static explanations: practitioners must be able to progressively
inspect internal components, form hypotheses about their useful-
ness, and evaluate how these hypotheses hold under controlled
modifications of the model. Our design goals are threefold:

(1) Modeling the relative importance of internal components. The
system is intended to allow users to investigate how relevance
predictions emerge from interactions between query and docu-
ment representations inside a cross-encoder. Users should be
able to select query document pairs and obtain an overview of
which parts of the model contributed the most to the relevance
prediction.

Supporting the exploratory analysis of internal components. From
this global perspective, the system should support more fine
grained exploration. Users should be able to inspect attribution
values at different levels of granularity, ranging from entire feed
forward layers and attention blocks down to individual neurons
and attention heads. Complementary views are intended to
reveal both structural patterns and value distributions, allowing
users to compare components and reason about their relative
importance.

Offering a complementary hypothesis evaluation. In addition to
exploration, the system must support hypothesis evaluation.

@
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Figure 1: On the left, the User workflow, illustrating the re-
finement process present in deciding on inputs as well as
prunes of the model. The right shows the supporting system.

After a first phase of exploration where users have identified
key components, the system should further offer them the pos-
sibility to easily test the actual importance of a set of neurons or
attention heads. Following Vast et al. [22], the most straightfor-
ward way to do so, is through ablations. As such, users should
be able to remove selected components of the model, such as
neurons, attention heads, or specific layer regions, and observe
the impact on the original prediction. Feedback from ablations
should be integrated into the same views used for exploration,
enabling side-by-side inspection and hypothesis tracking with-
out disrupting the analysis workflow.

5 Workflow and interface description

In this section, we describe the functionalities of IR Lens as well
as the interface that implement each one of them. The main in-
terface of IR Lens, shown in Figure 2, consists of three custom,
resizable visual panels: the architecture view (A), the NIG table (B),
and the distribution plots (C). These visualizations are designed to
support the progressive exploration of neuron-level mechanisms
and to remain tightly coordinated during interaction. The architec-
ture view (Figure 2, center) provides a layer-wise representation of
attention and FFN components based on the aggregation of NIG
values per input part. It renders nodes and edges corresponding to
internal model components and supports two-step selection (source
followed by target) to enable focused inspection of interactions.
For additional granularity, each attention module or FFN layer is
decomposed based on the different input parts. This design allows
for contextualizing the importance scores in terms of transfers of in-
formation (for attention) or the integration of the information stored
in specific tokens (for the FFN).

We now describe the user workflow, as outlined in Figure 1 (left).

(@) First, IR Lens requires the user to type their own query-
passage pair or to select a query from MS MARCO and then choose
one of the passages from the pool of annotations of that query. This
is controlled by the "Inputs" interface (Figure 2, right), accessible in
the left panel of the main interface. Note that panel interfaces can
be hidden to leave more room to the architecture view.

‘ ®
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After NIG computation, the visibility of component connec-
tions is controlled via a global log-scale threshold ¢, which by default
highlights the t = 1.0% most important nodes and edges on the main
interface (Figure 2, in the architecture view (A)). This view supports
global pattern discovery and serves as a navigation mechanism for
more detailed analysis.

(© Each node and edge becomes clickable, allowing the user to
access more fine-grained information about the importance of a
transfer of information between two input parts (inside the atten-
tion) or of a linear transformation inside the FFN. In addition, the
NIG table presents per neuron or per head attribution values corre-
sponding to the current selection of token types in the architecture
view. It supports sorting by token type and dynamically reflects
ablation states and conditional analysis modes. This tabular view
enables comparison of internal components and complements the
structural overview provided by the architecture view. Distribution
and Empirical Cumulative Distribution Function plots summarize
NIG values both globally and at the level of individual layers (Fig-
ure 2-C). These plots use symmetric log scaling and share the same
threshold state as the architecture view, allowing users to reason
about how threshold choices affect visible structure and ablation
strategies. Together, these visualizations provide both structural
and statistical perspectives on attribution patterns. As users ex-
plore the architectures, they start to formulate hypotheses about
the importance of some components and their roles.

(@ To allow them to test their hypothesis, IR Lens provides a
"Pruning" interface (Figure 2, top left). Pruning can either be spec-
ified by separate log scale thresholds for attention and FFN com-
ponents or interactively selected on the model view. The pruning
interface further exposes rule and target lists that specify which
layers, neurons, attention heads, or token connections should be ab-
lated. Users can store and manage multiple ablation configurations
for comparison and hypothesis tracking. A dedicated pruning cur-
sor mode provides immediate feedback during interactive selection,
and prune previews allow users to hover over saved configurations
to visualize their effect before applying them.

To further refine their hypotheses, IR Lens lets users compute
NIGs conditionally to a given output, rather than to the final rele-
vance estimation. (Figure 2, bottom left). This allows for traversing
the computational graph, first identifying the most important com-
ponents for the prediction, and then the ones that influenced these
components the most.

(®) Once the target sections have been pruned, a pruned forward
pass (Figure 2-D) can be computed to compare the original pre-
diction with the new prediction without the ablated components.
This is particularly useful for users interested in understanding the
importance of a set of components, not just in terms of NIG score,
but also regarding its impact on the model’s predictions.

@® The experimental setup is saved automatically on NIG com-
putation. users satisfied with their findings can save their prunes
to restart working on them later or to reuse them for other query-
passage pairs.

6 Implementation

IR Lens is implemented as a web-based system that combines a
reactive frontend with a backend for attribution computation and
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plots representing the distribution of the NIG scores. (D) are the buttons that trigger the original forward pass and the pruned

forward pass across the model.

model inference (see Figure 1, right). Below we describe the imple-
mentation of the elements that constitute the system architecture.

(@ The frontend is built using Marcelle [7], a software toolkit for
building interactive machine learning interfaces, which is based on
SvelteKit (Svelte 5), and styled using TailwindCSS and DaisyUL We
used D3.js [3] to implement custom interpretability visualizations.

@ The backend is built on the Marcelle server infrastructure,
which uses Feathers]S over Socket.IO for real-time communication
and MongoDB for persistence.

(® A dedicated Python service, connected to the backend, per-
forms model inference, attribution computation, and ablation-based
forward passes. The service exposes endpoints returning structured
outputs for IGs and NIGs computation, conditional NIGs, and for-
ward passes with and without ablations. To keep inference-time
reasonable, we limit the choice of the cross-encoder to a single
one based on the MiniLM-v2 backbone [25] . In addition to the
possibility for the user to experiment with their own query-passage
pairs, IR Lens also provides direct access to TREC-DL19 [4] queries
and annotated passages, sorted by relevance levels (TREC-DL19 is
based on MS MARCO [14]).

2Checkpoint available on HuggingFace: cross-encoder/ms-marco-MiniLM-L12-v2
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(® Results are persisted in MongoDB and streamed back to the
frontend, allowing visualizations to update in real time. Addition-
ally, users can save snapshots of NIG values and prunes, enabling
them to revisit previous analyzes.

Separating computation from interaction ensures that computa-
tionally intensive operations do not compromise interface respon-
siveness while maintaining a tight integration between attribution
results and user-driven exploration.

7 Conclusion

By focusing on interactivity, IR Lens is designed to target an au-
dience broader than experimented IR researchers. From students
starting their PhD in IR and looking for resources to develop their
understanding of cross-encoders, to IR practitioners from the in-
dustry in need of a tool to debug the behaviors of their deployed
models, IR Lens fills a gap in the IR toolbox by making interpretabil-
ity more easily accessible. To broaden the systems use, we plan to
include a larger support of cross-encoder models and datasets in
future works. However, we believe this first version of IR Lens will
benefit the community and serve as a platform to inspire similar
development across XAl approaches in IR.
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