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Abstract

We present mllm-shap, an open-source
Python platform for researchers and ML prac-
titioners that extends Shapley value (SV)
explainability from text-only large language
models to multimodal LLMs (MLLMs) that
jointly process text and audio. Building
on the token-level SV framework introduced
by TokenSHAP, m11m-shap addresses three
challenges absent in the text-only setting:
(1) modality-aware coalition masking that
handles the coexistence of text tokens and
dense audio encoder frames within a single in-
put, (2) multi-turn conversation tracking with
per-token role and modality metadata, and
(3) audio token grouping via phonetic align-
ment that reduces the coalition space by 10—
50x. The platform ships as a pip-installable
package'! implementing five SV estimation
strategies — including a Complementary Con-
tributions estimator with Neyman-optimal al-
location that outperforms Monte Carlo base-
lines — together with an interactive web GUI
for real-time attribution visualization. To
our knowledge, m11m-shap is the first pub-
licly available framework for complete, repro-
ducible SV-based explainability of text-audio
MLLMs. The package is MIT-licensed with
full source code on GitHub?*? and a demon-
stration video included as supplementary ma-
terial.

1 Introduction

Shapley values (SV; Shapley, 1951) have become
a standard tool for model-agnostic input attribu-
tion in machine learning, popularized by SHAP
(Lundberg and Lee, 2017) for tabular and image
models and extended to text-only LLMs by To-
kenSHAP (Goldshmidt and Horovicz, 2024). Un-
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like perturbation-based alternatives such as LIME
(Ribeiro et al., 2016) or gradient-based meth-
ods like Integrated Gradients (Sundararajan et al.,
2017), SVs uniquely satisfy efficiency, symmetry,
and additivity axioms while requiring only black-
box access. Yet as production systems increas-
ingly deploy multimodal LLMs (MLLMs) that
process both text and speech end-to-end — in cus-
tomer service, healthcare, and accessibility — no
existing tool supports SV-based explainability for
these models (Zhao et al., 2024).

Applying TokenSHAP’s approach directly to
text-audio MLLMs fails for three reasons. First,
granularity mismatch: a short utterance pro-
duces hundreds of dense audio encoder frames
alongside a handful of text tokens, making the
coalition space intractable (2'°0% vs. 219). Sec-
ond, modality-aware masking: removing a text
token means dropping it from the token sequence,
but “removing” an audio segment requires zeroing
encoder frames at specific time boundaries — these
are fundamentally different operations that must
be handled within a single coalition. Third, con-
versational structure: real MLLM interactions
involve multi-turn dialogues with system prompts,
user messages, and assistant responses across both
modalities; attribution must track which turn and
modality each token belongs to.

mllm-shap addresses all three gaps as an in-
tegrated platform with two main components:

1. A model-agnostic Python package that ex-
tends SV computation to multimodal, multi-
turn conversational inputs, with modality-
aware masking, feature-unit metadata track-
ing, and five SV estimation strategies includ-
ing a Neyman-optimal allocator (§2).

2. An interactive web GUI with cost estima-
tion, session persistence, and real-time at-
tribution visualization for both text and au-
dio (§4).
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We demonstrate the platform on LFM2-Audio-
1.5B (Liquid Al, 2025), showing concrete attribu-
tion outputs for text and multi-turn inputs (§3), and
report evaluation results across 593 SV analyses
on a single consumer GPU (§5).

2 System Architecture

mllm-shap follows a modular, pipeline-oriented
design (Figure 1) that separates four concerns:
(i) model interaction via connectors, (ii) modality-
aware coalition mask generation, (iii) utility func-
tion evaluation, and (iv) SV estimation. This sep-
aration ensures that estimator comparisons differ
only in the approximation method while all other
components remain fixed.
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Figure 1: Package pipeline: chat construction with
per-token metadata, modality-aware mask generation,
connector-based inference, utility evaluation, and SV
estimation. Results export to analysis notebooks or the
GUI client.

Connectors and the Black-Box Interface.
Model integration is encapsulated behind a
BaseMllmModel interface that translates be-
tween package-level chat objects and model-
specific I/0O formats. Only input—output access is
required — no gradients or attention maps — mak-
ing the system compatible with any MLLM ex-
posing a generate API. A reference connector for

HuggingFace transformers is provided, with
LFM2-Audio-1.5B as the default model.

Feature-Unit Tracking. A core design contri-
bution is the feature unit: each token in the
pipeline carries structured metadata — modality
(TEXT or AUDIO), role (USER, SYSTEM, or AS-
SISTANT), turn index, and positional information.
This metadata flows through the entire pipeline,
enabling modality-aware masking, role-based fil-
tering (system tokens are excluded from attri-
bution by default), and per-turn aggregation for
multi-turn conversations. Table 2 illustrates this:
only user-content tokens (Role 0) receive SV val-
ues, while system/special tokens (Role 2) are cor-
rectly excluded, and turn indices enable separate
analysis of each conversational exchange. Ex-
cluding tokens from coalitions within the scope
of this framework means they are always fed to
the model. That is, final input prompts consist
of explainable tokens present in the given coali-
tion (those with a non-NaN final SV) and all non-
explainable tokens in their original order.

Modality-Aware Masking. A critical challenge
in multimodal SV estimation is removing features
in a way that remains in-distribution for the
MLLM. The platform implements two distinct
masking strategies based on feature type. For
text, explainable tokens are physically removed
from the input string; however, non-explainable
role-markers (e.g., <|im_start|>) and turn-
delimiters are preserved in every coalition to
maintain the structural integrity required by
chat-tuned MLLMs, ensuring the model always
perceives a valid conversational state. For audio,
physical removal of segments would create
temporal discontinuities and acoustic ‘“clicks”
that confuse the model’s encoder; instead,
mllm-shap masks by zeroing the amplitude
of the raw waveform or latent frames within
the time boundaries of the selected segment
(Covert et al., 2021). This dual-strategy design
ensures that both modalities can participate
in the same coalition game while each re-
ceives masking appropriate to its signal structure.

Audio Token Grouping via SGPA. To re-
solve the granularity mismatch, the platform in-
tegrates Spectrogram-Guided Phonetic Alignment
(Pozorski et al., 2026), a four-stage pipeline that
maps dense audio encoder frames to word-aligned
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segments. SGPA combines CTC-based forced
alignment (Graves et al., 2006) via Wav2Vec2-
XLSR-53 (Baevski et al., 2020) with spectrogram-
guided boundary refinement using local energy
and spectral flux cues, then aggregates character-
level boundaries into word-level segments. This
reduces the effective coalition space by 10-50x:
in controlled experiments, SGPA compressed the
player set from ~50 native audio tokens to ~7
word-aligned segments, yielding a 43x reduc-
tion in model evaluations and bringing per-sample
wall-clock time from ~30 minutes to roughly one
minute on a consumer GPU. Crucially, SGPA
provides a model-agnostic explanation unit: by
grounding attributions in phonetic segments rather
than model-specific latent frames, m11lm-shap
enables direct, black-box explainability compar-
isons between models with different audio archi-
tectures. We note that SGPA necessarily changes
the cooperative game being solved — attributions
are defined with respect to externally aligned seg-
ments rather than model-native audio units — and
refer the reader to Pozorski et al. (2026) for a full
diagnostic characterization of this trade-off.

SV Estimators. The platform provides five esti-
mation strategies sharing a common callable inter-
face for seamless benchmarking: Exact (2" enu-
meration for tractable inputs), Monte Carlo with
optional first-order omission constraints (Gold-
shmidt and Horovicz, 2024), Complementary
Contributions (CC) using stratified sampling
(Mitchell et al., 2022), Neyman-CC extending
CC with Neyman-optimal variance-adaptive allo-
cation (Neyman, 1934), and Hierarchical recur-
sive decomposition for long sequences. Full al-
gorithmic descriptions of each estimator are pro-
vided in Appendix A. Benchmarking on 27 in-
puts where exact SV is tractable (9-10 tokens)
confirms that Neyman-CC dominates, achieving
> 90% accuracy at sampling fractions as low as
0.15 (Figure 2).

Utility Functions. The platform supports three
utility functions: Hidden State Similarity for
white-box debugging, Cosine Similarity for
semantic-level evaluation (Reimers and Gurevych,
2019), and TF-IDF Weighted Cosine Similarity
(the default) for cross-architecture benchmarking
in a reduced feature space. Detailed descriptions
are in Appendix A.

Standard MC Limited cc Standard cC Neyman

Figure 2: Approximation accuracy vs. exact SV (27
samples, 9-10 tokens). The Neyman-based estimator
dominates at all sampling fractions tested.

3 Example Walkthrough

We illustrate the platform with two concrete ex-
amples on LFM2-Audio-1.5B, highlighting capa-
bilities absent in existing SV tools.

Single-Turn Attribution. Listing 1 shows a
minimal API workflow. For the text prompt
“Who developed reCAPTCHA?”, Table 1 shows
the resulting token-level SVs. Note that the to-
kenizer splits “reCAPTCHA” into subword units
(“Rec”, “apt”, “cha”); the platform handles this
transparently, and the SVs reveal that “developed”
(¢=0.110) and the first subword of the target en-
tity (“Rec”, $=0.357) carry high attribution — con-
sistent with the model attending to the verb—object
pair that determines the answer.

Table 1: Token-level SV for “Who developed re-
CAPTCHA?” (text-to-text, LFM2-Audio-1.5B, Ney-
man estimator). System and punctuation tokens are au-
tomatically filtered.

ID Token SV (¢)
1 Who 0.080
2 developed 0.110
3  Rec 0.357
4 apt 0.273
5 cha 0.174

Cross-Modal Attribution. To demonstrate
multimodal reasoning, we analyze a transcription
task where the input consists of a 3-second
English audio recording and the text instruc-
tion: “Transcribe the audio.”. As shown in
Figure 3, the AUDIO modality, represented by
segments aligned via SGPA, carries the primary
attribution (¢p=0.81). In contrast, the text tokens
for “transcribe” carry secondary attribution
(#=0.10). The framework successfully decouples
the source of information (the audio signal) from
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Listing 1: Minimal SV attribution with m11m-shap.

from mllm_shap.connectors.liquid import (
LiquidAudio
)

from mllm_shap.shap.monte_carlo import
LimitedMcShapExplainer

from mllm_shap.shap.compact import Explainer

from mllm_shap.connectors.enums import Role

import torch

from pprint import pprint

model = LiquidAudio (device=torch.device ("cuda"))

chat = model.get_new_chat ()

chat .new_turn (Role.USER)

chat.add_text ("Who developed Recaptcha?")

chat.end_turn ()

explainer = Explainer(
model=model,
shap_explainer=LimitedMcShapExplainer ()
)

result = explainer (chat=chat)

pprint (result.full_chat.get_conversation())

the instructional context (the text prompt).

Moty Contbution Dissbution
T ' 0.1890
Audon a»
! 0.8102

Figure 3: Web interface: chart of total SV attribution
by modality based on simple text input of “Transcribe
the audio.” and 3-second English audio recording.

Multi-Turn Conversation Attribution. Table 2
shows output from a two-turn dialogue: “Who
are you?”  followed by “Can you repeat?”.
This demonstrates three capabilities unique to
mllm-shap: (a) Turn tracking: each token
is tagged with its turn index, enabling per-turn
and cross-turn attribution analysis. (b) Role-
based filtering: special tokens (< |im_start | >,
<|im_end|>) and role markers are assigned
Role 2 (system) and automatically excluded
from SV computation, while user-content tokens
(Role 0) receive attributions. (¢) Structured out-
put: the full token—SV-role-turn table is ex-
portable as a DataFrame for downstream statistical
analysis.

In this example, “Who” (¢=0.231) and “you”

(¢=0.230) dominate Turn 1, while “are” receives
zero attribution — the model’s response to an iden-
tity question is driven by the interrogative and
the pronoun, not the copula. In Turn 3, “re-
peat” (¢p=0.217) carries the highest SV, consistent
with it being the only novel semantic content (the
model must recognize a repetition request).

Table 2: Multi-turn attribution for “Who are you? |
Can you repeat?”. Role 0 = user content (attributed),
Role 2 = system/special (excluded) — denotes tokens
excluded from SV computation by design.

ID Token SV (¢) Role Turn
0 <|im_start|> — 2 1
1 user — 2 1
3 Who 0.2313 0 1
4 are 0.0000 0 1
5 you 0.2300 0 1
7 <|im_end]|> — 2 1
9 <|im_start|> — 2 3
10 user — 2 3
12 Can 0.1546 0 3
13 you 0.1676 0 3
14 repeat 0.2166 0 3
16 <|im_end|> — 2 3

4 Interactive Web Interface

The GUI (Figure 4) provides a complete explain-
ability workflow without writing code. It fol-
lows a client—server architecture: a React (Meta
Platforms, 2013) frontend communicates with a
FastAPI* backend via REST API, with Post-
greSQL for session persistence and Nginx for
routing.

0.0449 0.0335 00211

g Toans

Figure 4: Web interface: model and method configu-
ration (left), multimodal chat with text and audio input
(center), attribution heatmaps and time-aligned audio
plots (right).

4https ://fastapi.tiangolo.com/
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Asynchronous Execution. Since SV estimation
requires hundreds of model forward passes, the
backend implements an asynchronous task queue
using FastAPI’s background workers. When a user
requests an explanation, the request is immedi-
ately acknowledged with a unique task ID and the
estimation process is dispatched to a GPU-bound
worker, preventing HTTP timeouts and allowing
the frontend to poll for real-time progress updates
visualized via a progress bar.

Session Persistence. The PostgreSQL database
stores not only chat history but also the Feature-
Unit metadata for every token and audio segment.
This enables session resumption — a researcher can
close the browser during a long-running Neyman-
CC estimation and return later to find results
fully populated — and post-hoc analysis, where
computed attributions can be re-visualized us-
ing different GUI modes (e.g., switching from a
modality-level pie chart to a token-level heatmap)
without re-running the computation.

Workflow and Visualization. The interface
guides users through the following steps: config-
ure model and SV method — interact via text or
audio — receive an upfront cost estimate (number
of model calls and estimated runtime) — compute
attributions — visualize results as token heatmaps
or time-aligned audio plots — export for analysis.
For audio inputs, the GUI provides a dedicated Au-
dio Attribution Timeline (Figure 5) that displays
time-aligned attribution intensity overlaid on the
waveform, allowing researchers to identify which
temporal segments of the audio signal most influ-
enced the model’s output. The right panel pro-
vides real-time telemetry (CPU/GPU/memory uti-
lization), the active SV configuration, and a pri-
vacy notice confirming that all computation re-
mains local. The GUI is containerized via Docker
Compose (Appendix B) for reproducible single-
command deployment.

5 Evaluation

We evaluate m11m-shap along three axes: es-
timator accuracy, platform-scale feasibility, and
coverage of system capabilities.

Estimator Accuracy. On 27 samples where ex-
act SV is tractable (9-10 tokens), the Neyman es-
timator with first-order omission achieves >90%
mean accuracy at 30% sampling fraction (~150
coalitions), outperforming standard MC and CC
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Figure 5: Audio attribution view: time-aligned SV in-
tensity plot for a 3-second audio input, with model
configuration (left), attribution results with audio/text/-
modality comparison tabs (center), and runtime teleme-
try with method configuration (right).

at all tested budgets (Figure 2). Across all esti-
mators, the modular pipeline ensures that compar-
isons isolate the approximation method: connector
behavior, masking policies, and utility evaluation
remain fixed, so accuracy differences reflect only
the estimation strategy.

System Feasibility. We validated m11m-shap
by performing 593 SV analyses on a single
NVIDIA RTX 4080 GPU (16 GB VRAM), cov-
ering 100 VoiceBench (Chen et al., 2024) sam-
ples across five modality configurations (text-to-
text, speech-to-text with male/female voices, and
speech-to-speech variants) and 93 multilingual
samples from Infinity-Instruct (Li et al., 2025) in
three languages (English, Spanish, French). Ta-
ble 3 summarizes key runtime statistics. Single-
sentence audio-to-text tasks complete in ~30s,
while multi-sentence interleaved prompts, which
expand the coalition space by 10-20x, re-
quire ~400s. The Neyman allocator consistently
reached its variance-adaptive second phase in the
majority of runs, confirming that even the default
budget allocation (3n2 model evaluations) pro-
vides sufficient initialization for stable estimates.
Speech-to-speech modes incur ~2x the runtime
of speech-to-text due to audio decoding overhead,
establishing a practical ceiling for interactive use.

Capability Coverage and Reproducibility.
Across the 593 analyses, all core platform ca-
pabilities were exercised at scale: cross-modal
attribution (300 analyses), SGPA audio seg-
mentation (200), multi-turn tracking (100), and
multilingual support across English, Spanish, and
French (93) with no language-specific pipeline



Table 3: System feasibility summary across 593 SV
analyses on a single consumer GPU. Runtime is mean
wall-clock time per sample using the Neyman estima-
tor.

Listing 2: Adding a custom SV estimator. Three ab-
stract methods must be implemented.

from mllm_shap.shap.base import BaseShapExplainer

class MyEstimator (BaseShapExplainer) :

def _get_next_split(self, n, device,
generated_masks_num,

Configuration Mean calls Mean time (s)
Single-sentence S2T 60 30
Single-sentence S2S 59 67
Single-sentence T2T 155 91
Multi-sentence (interleaved)  1,005-1,174 399-451
Multilingual S2T 235 105
Multilingual T2T 606 205

existing_masks=None) :

return Tensor[1l, n for next coaliti

def _get_num_splits(self, n):
eturn tote number of masks to sample
def _calculate_shap_values (self, masks,
similarities,

modifications required (Appendix D). The full
results are released as a multimodal attribution
dataset on HuggingFace®, providing a repro-
ducible baseline for future multimodal XAI
research. All experiments were executed through
a reproducible pipeline with YAML-based config-
uration management, per-sample checkpointing
with resume support, and deterministic infer-
ence defaults (temperature = 0, top-k = 1, see
Appendix C).

6 Discussion

We address several practical concerns relevant to
practitioners adopting the platform.

Extending the Framework. The modu-
lar pipeline (Figure 1) is designed so that
each component 1is independently exten-
sible. A custom SV estimator subclasses
BaseShapExplainer and implements three
abstract methods: _get_next_split (coalition
sampling logic), _get_num_splits (budget
calculation), and _calculate_shap_values
(attribution from masks and similarities), as
shown in Listing 2. A custom similarity function
extends BaseEmbeddingSimilarity with
a single __call__ method that compares a base
embedding against masked-output embeddings,
allowing researchers to substitute domain-specific
notions of output similarity (e.g., factuality scores,
task-specific metrics) without touching the rest of
the pipeline. New modalities or model families
enter the system through the BaseMl1lmModel
connector interface: only input—output access is
required.

Connectors for Discrete-Codec MLLMs. The
reference connector targets continuous audio fron-

Shttps://huggingface.co/datasets/
Pawlo77/mllm-shap

device) :
o

tends (LFM2-Audio-1.5B), but the architecture
cleanly accommodates models built on discrete
audio codecs (e.g., EnCodec, Mimi, or semantic-
token variants). Two changes are required, both
local to the connector. First, the audio-masking
primitive shifts from amplitude-zeroing of the
waveform to token replacement in the codec se-
quence: a coalition member is “removed” by
substituting its codec tokens with a designated
mask token, the codebook’s silence centroid, or
repeated padding tokens, depending on what the
upstream model treats as in-distribution. Second,
the feature-unit granularity may map directly onto
codec tokens when their rate is already compa-
rable to phonetic segments, in which case SGPA
can be bypassed; otherwise SGPA still applies as
a pre-tokenization segmentation layer because it
operates on the raw waveform. The feature-unit
metadata abstraction, the estimator interfaces, the
utility functions, and the GUI are unchanged.

Out-of-Distribution Behavior under Amplitude
Masking. Zeroing the raw waveform within
SGPA-derived boundaries introduces signal dis-
continuities that could in principle push the au-
dio encoder out of its training distribution. We
mitigate this implicitly through the SGPA seg-
mentation procedure itself: boundary refinement
uses local energy minima and spectral-flux cues
(§2), which favor naturally low-energy regions
of the signal, reducing click artifacts at mask
edges. Across the 593-analysis evaluation suite we
did not observe pathological model outputs (e.g.,
empty generations, repetition loops, or attribution
distributions inconsistent with held-out exact SVs
on the 27-sample tractable subset). We empha-
size this is an empirical observation on LFM2-
Audio’s continuous frontend; codec-based mod-
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els — where the encoder is by construction more
sensitive to any out-of-vocabulary token — are ex-
pected to require the token-replacement strategy
described above, and we leave systematic charac-
terization to future work.

Deployment Without a Local GPU. The refer-
ence deployment co-locates inference and the ex-
plainability backend on a single workstation with
a CUDA device. Two alternatives exist within the
connector abstraction: the connector accepts an ar-
bitrary torch.device, so CPU-only execution
is functional for small text-only inputs (albeit at
substantially higher runtime); more practically, a
custom connector can dispatch generate calls to
a remote inference endpoint (e.g., a self-hosted
vLLM or TGI server, or a HuggingFace Inference
Endpoint), in which case the explainability back-
end itself runs on commodity hardware and only
orchestrates coalitions and aggregates results.

Relation to Other Explainability Methods.
mllm-shap does not subsume gradient meth-
ods such as Integrated Gradients (Sundararajan
et al.,, 2017), which require white-box access;
perturbation surrogates such as LIME (Ribeiro
etal., 2016), which lack SV axiomatic guarantees;
or attention-based interpretability, whose faithful-
ness remains contested (Jain and Wallace, 2019).
The platform’s contribution is that SVs are the
only currently available explainability primitive
satisfying the efficiency, symmetry, and additivity
axioms while remaining well-defined over inter-
leaved text-audio multi-turn dialogue.

7 Related Systems

Table 4 compares m1 1m—-shap with existing SV-
based tools. While the original SHAP (Lund-
berg and Lee, 2017) is the industry standard, it
lacks native support for the variable-length, auto-
regressive nature of LLMs. TokenSHAP (Gold-
shmidt and Horovicz, 2024) addressed text-only
LLMs but cannot handle the “interleaved” na-
ture of multimodal conversations or the high-
dimensionality of raw audio encoder frames. Prior
reviews of SHAP-based methods in NLP (Mosca
et al., 2022) have similarly focused exclusively
on text modalities, while attention-based inter-
pretability approaches (Jain and Wallace, 2019)
remain debated in their faithfulness and do not nat-
urally extend to cross-modal settings where text
and audio operate over different representational

spaces.

Table 4: Comparison with existing SV-based explain-
ability tools.

Feature SHAP TokenSHAP Ours

Text LLMs

Audio modality
Variable-length seq.
Multi-turn chat
Audio segmentation
Neyman allocation
Interactive GUI
Reproducibility infra
Open-source

AX X X X X X XN
AX X X X X A XN
LasRRRRRs

8 Conclusion and Availability

We presented m11m—shap, the first open-source
platform for Shapley value-based explainability of
text-audio multimodal language models. By ex-
tending the token-level SV framework of Token-
SHAP with modality-aware masking, multi-turn
conversation tracking, efficient audio token group-
ing via SGPA, and an interactive GUI, the sys-
tem makes previously intractable multimodal attri-
bution analysis accessible on consumer hardware.
Future work includes extending connector support
to additional MLLM architectures (e.g., vision-
language models) and conducting large-scale hu-
man evaluation studies.

The platform is distributed under the MIT li-
cense. The pip-installable package,® source
repositories,”> API documentation,’” and the mul-
timodal attribution dataset* are all publicly avail-
able.

Ethical Considerations

The system is designed to improve transparency
and accountability of Al systems. No personal or
sensitive data is collected by the tool; all experi-
ments used publicly available datasets and open-
source models. We note that SV-based attribu-
tions, while principled, should not be treated as
ground-truth causal explanations of model behav-
ior — they measure marginal contribution under
a specific utility function and coalition structure.
Additionally, SGPA segmentation introduces an
external player partition that does not necessarily
align with model-internal representations.

*PyPI:
mllm-shap/
"https://pawlo77.github.io/MLLM-Shap/

https://pypi.org/project/

393


https://pypi.org/project/mllm-shap/
https://pypi.org/project/mllm-shap/
https://pawlo77.github.io/MLLM-Shap/

Limitations

All experiments use a single MLLM (LFM2-
Audio-1.5B); although the connector interface is
model-agnostic, generalization to other architec-
tures (e.g., Whisper-based or codec-based speech
models) remains unvalidated. Despite SGPA’s
43 x coalition-space reduction, complex multi-
sentence multimodal inputs still require ~400s
per sample on consumer hardware, limiting real-
time interactivity for long inputs. Only text and
audio modalities are currently supported; vision
or video would require new masking and align-
ment strategies. Our evaluation isolates estima-
tor accuracy against exact SVs but does not in-
clude head-to-head comparison with LIME, Inte-
grated Gradients, or attention-based interpretabil-
ity on a common faithfulness benchmark (e.g.,
ERASER); such a comparison is necessary before
strong claims can be made about the practical util-
ity of the produced explanations relative to alter-
natives, and is a direct target for future work.
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A SV Estimator and Utility Function
Details

Estimator Descriptions. The five SV estima-
tion strategies provided by m11m-shap are:

e Exact: Full 2" enumeration of all coalitions,
restricted to tractable inputs (typically n <
15). Serves as the ground-truth reference for
estimator benchmarking.

¢ Monte Carlo (MC): Random coalition sam-
pling with optional first-order omission con-
straints, following Goldshmidt and Horovicz
(2024). Omission constraints ensure that
each player is excluded from at least one sam-
pled coalition, reducing the variance of indi-
vidual SV estimates.

¢ Complementary Contributions (CC): A
stratified sampling approach where each
coalition evaluation contributes to the
marginal utility of all included players and
their complements simultaneously (Mitchell
et al., 2022), approximately doubling the
information extracted per model call.

* Neyman-CC: An extension of CC that uti-
lizes Neyman-optimal allocation (Neyman,
1934) to distribute the sampling budget
across strata according to their variance, sig-
nificantly reducing estimation error for a

fixed budget. The estimator operates in two
phases: an initial uniform exploration phase
(3n? evaluations by default) followed by a
variance-adaptive allocation phase.

* Hierarchical: A recursive decomposition
strategy designed for long sequences that ex-
ceed the computational limits of flat esti-
mators. Tokens are grouped into higher-
level features, SVs are computed at the group
level, and then recursively refined within
groups of interest.

Utility Functions. The platform supports three
utility functions tailored to different research
goals: (Ul) Hidden State Similarity directly
compares model-internal activations between full
and masked inputs, enabling white-box debug-
ging of how coalitions affect latent representa-
tions. (U2) Cosine Similarity computes sentence-
level semantic similarity using external embed-
dings (Reimers and Gurevych, 2019), providing
a model-external measure of output equivalence.
(U3) TF-IDF Weighted Cosine Similarity oper-
ates over decoded text, weighting terms by their
TF-IDF scores so that attribution focuses on the
information-dense tokens that define the model’s
factual output.

B GUI Deployment Architecture

The system architecture (Figure 6) is orchestrated
via Docker Compose to manage the lifecycle of
three distinct services: an Nginx reverse proxy for
routing, a FastAPI backend that loads models from
HuggingFace Hub and performs GPU-bound SV
computation, and a PostgreSQL database for ses-
sion CRUD operations. The GUI is containerized
for reproducible single-command deployment on
any system with a compatible NVIDIA Container
Toolkit installation.

C Experimental Pipeline and
Reproducibility

To support the 593 analyses reported in Section 5,
we developed a robust experimental orchestra-
tor (Figure 7) organized around four key compo-
nents: Configuration Management uses YAML-
based specifications to pin model versions, estima-
tor hyperparameters, and dataset revisions. The
Deterministic Compute Engine enforces deter-
ministic inference settings (temperature = 0, top-
k =1). A Checkpointing Layer persists results
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Figure 6: GUI deployment architecture: three-
container Docker Compose setup with Nginx routing,
FastAPI backend loading models from HuggingFace
Hub, and PostgreSQL for session CRUD.

incrementally, enabling resume from the last com-
pleted sample if a run is interrupted. The Arti-
fact Hierarchy produces a structured output di-
rectory per run containing a spec. json, check-
point states, and individual JSON results for every
sample with full metadata and attribution vectors.
All evaluation experiments were conducted on a
single consumer-grade workstation equipped with
an NVIDIA RTX 4080 (16 GB VRAM) and an In-
tel Core 19-13900K CPU.

D Capability Coverage

Table 5 provides a detailed breakdown of the plat-
form capabilities exercised across the 593-analysis
evaluation suite. Each capability corresponds to a
distinct engineering challenge solved by the plat-
form: multi-turn tracking was validated on the full
VoiceBench multi-sentence set (4 modes X inter-
leaved prompts); cross-modal attribution was ex-
ercised across all speech configurations.

E Attribution Data Schema

The platform exports results in a structured JSON
format (Table 6) that encapsulates the complete
state of the Shapley game.
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/models/datasets
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Figure 7: Experimental infrastructure: YAML-
configured orchestrator dispatches jobs to the GPU
compute engine with per-sample checkpointing.

Table 5: Platform capabilities exercised across the eval-
uation suite. Each row corresponds to a system feature
validated at scale.

Capability Analyses Source
Text-only attribution 200 VB+1I
Cross-modal (text+audio) 300 VoiceBench
SGPA audio segmentation 200  VoiceBench
Multi-turn tracking 100 VB multi-sent.
Multilingual support 93  Infinity-Inst.

Table 6: Structure of the exported attribution JSON.

Field Type Description
session_.id UUID Unique identifier for the
analysis session.
metadata Dict Model name, estimator
type, and budget.
features List Array of Feature-Units
(ID, modality, role).
values List Raw ¢ values correspond-
ing to each unit ID.
turn-map Dict Mapping of turn indices to
feature IDs.
utility Float Final utility score of the
grand coalition.
telemetry Dict GPU memory usage and

wall-clock time.
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