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Abstract

The reliable deployment of Large Language Models (LLMs) in critical sectors,
especially involving structured input like tabular data, necessitates mechanisms
for transparency and accountability. This paper investigates the interpretability of
domain-specific LLMs applied to Table Question Answering (TQA) tasks in the
financial domain. We conduct a comparative attribution study between domain-
adapted and general-purpose LLMs in both Dutch and English. The analysis
employs parallel datasets sourced from ConvFinQA. Utilizing Input x Gradient
attribution, we segment input tokens based on their semantic and structural roles.
Domain adaptation yielded more balanced attributions in both languages, but
manifested differently: Dutch models increased focus on tabular structures, whereas
English models prioritized question context. However, attribution patterns were
often diffuse and offered limited predictive value regarding model correctness.
This underscores the fundamental limitations of current interpretability techniques,
particularly under long-context conditions. Accordingly, there is a pressing need
for more causally grounded and scalable methodologies to ensure transparency in
critical domains such as finance.

1 Introduction

Table Question Answering (TQA) requires models to integrate structured tabular data with un-
structured textual context in order to generate accurate and contextually grounded responses. This
capability has become increasingly important in domains where analytical reasoning depends on the
joint understanding of numerical and textual information, such as finance and healthcare [41]. In these
settings, TQA enables the automation of complex tasks that traditionally rely on human expertise,
including financial analysis, auditing, and compliance reporting. However, such applications also
demand transparency and auditability, as decisions informed by model outputs must remain verifiable
and explainable [1, 22].

Large Language Models (LLMs) have achieved strong performance in natural language understanding
and reasoning tasks, but their internal mechanisms for processing structured information remain
insufficiently understood [14, 35]. In the context of TQA, it is therefore essential to determine which
components of the input, such as table regions, numerical values, or question spans, influence model
predictions; attribution-based interpretability methods help quantify these token-level contributions
and reveal underlying reasoning behavior [29, 31]. Such analyses are particularly relevant for
assessing whether domain-specific fine-tuning leads to more semantically coherent and reliable
reasoning behavior.
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Financial applications present a demanding test case for interpretability research. Financial language
is technically specialized and numerically precise, and regulatory requirements impose a strong need
for model transparency [22]. English-language financial LLMs, including BloombergGPT [36] and
FinGPT [18], have demonstrated that domain adaptation improves factual precision and robustness,
but corresponding advances in low-resource languages remain limited. Recent developments in Dutch,
such as GEITje-7B-ultra [33] and its domain-adapted counterpart FinGEITje-7B [23], highlight the
emerging shift toward building and evaluating financial language models outside the English-speaking
context. These models allow systematic comparison across both domain specialization and language,
providing insight into how domain and language adaptation influence internal attribution behavior.

This study investigates the interpretability of domain-adapted and general-purpose LLMs in financial
TQA across Dutch and English. Using datasets derived from ConvFinQA [8], we apply Input x
Gradient (IxG) attribution to four open-source LLMs: FinGEITje-7B and GEITje-7B-ultra for Dutch,
and FinMA-7B and Vicuna-7B for English. The analysis quantifies how saliency is distributed across
semantic and structural input components, including tables, numeric values, and question spans. The
contributions of this work are threefold: (1) a comparative interpretability framework for multilingual
financial TQA, (2) empirical observations on attribution differences between domain-adapted and
general-purpose models across input structures, and (3) a critical discussion of the scalability and
fragility of attribution methods under long-context conditions [2, 14, 21]. To support reproducibility
and enable further research in multilingual financial NLP, all experimental parameters, including
prompt formats and model configurations, are made publicly available [ﬂ

2 Methodology

Dataset and TQA Context. Our work builds on the ConvFinQA dataset [8], a benchmark for
financial Table Question Answering (TQA) that combines textual disclosures, associated tables, and
conversational context to enable multi-step reasoning. We evaluate on two derivatives: FinGPT-
ConvFinQA (English, 1,490 test examples) [18] and FinDutchBench (Dutch, 1,453 test examples)
[23]. The Dutch set was created through machine translation and fluency-based filtering, achieving
over 97% overlap in answer values with the English data. As input sequences often exceed 1,500
tokens, we focus on scalable attribution techniques based on gradients and attention rather than
computationally intensive alternatives such as Shapley values.

Models and Interpretability Pipeline. We analyze four language models with approximately 7B
parameters. The Dutch models, FinGEITje-7B and GEITje-7B ultra, are built upon the Mistral model
family and represent finance domain-adapted and general-purpose variants of LLMs specialized in
Dutch. The English models, FinMA-7B and Vicuna-7B, follow the LLaMA family design and provide
a parallel pair for assessing the influence of domain specialization and language [42]. Detailed model
descriptions and configurations are provided in Appendix [E]

Method. Input x Gradient [29, 31] is one of the earlier gradient-based attribution techniques. It
assigns importance scores to each input feature by multiplying its value with the gradient of the
model’s output. Formally, for a model output f(z) and input vector z, the attribution for each feature
x; is given by:
0f(x)

aCCZ‘

Attribution; = x; X

Input x Gradient offers a computationally tractable solution for multi-billion-parameter LLMs
with long-context inputs. It is not a measure of causal influence, but works as a proxy for local
sensitivity. Capturing local sensitivity, rather than causal pathways [43], this method quantifies feature
contribution to predictions via gradient-based sensitivity (i.e. attribution). Our analysis focus on
input segments: context, table, and question. Attribution scores are compared across these functional
regions to detect over-reliance on context or under-utilization of tabular information. Additionally,
its computational efficiency makes it suitable for long-context setting, scaling to 1,500-token inputs
where combinatorial methods like Shapley values [5] become infeasible. More elaboration on
limitations of Input x Gradien can be found in Appendix [B]
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Segmentation of TQA Input. To interpret attributions in a linguistically and structurally mean-
ingful way, each input was segmented into five predefined, occasionally overlapping categories as
illustrated in Figure|T}

Numeric Tokens, identified via rule-based pattern matching to capture quantitative reasoning cues.
Financial Terms, extracted using a zero-shot GPT-40 prompt aligned with established financial
taxonomy categories [25].

Table, denoting structured content enclosed within <table> tags.

Narrative, representing unstructured textual context outside tabular regions.

Question Span, corresponding to the current query and its immediate reasoning context.

Tokens could belong to multiple categories (e.g., a financial token inside the question). Attribution
scores were averaged within each span and aggregated per category to quantify how saliency mass is
distributed across semantic and structural components of the TQA inputs.

The company had total goodwill of $12.5 million and $14.0 million as of Decernber 31, 2021 and 2020, respectively. The change in goodwill for
these years is summarized below.

<table class='wikitable'>

<tr><td=>-</td><td>2021</td><td>2020</td></tr>

<tr><td>balance beginning of year</td><td>$ 14000</td><td>$ 13000</td></tr>

<tr><td>goodwill acquired</td><td>$ 500</td><td>$ 1000</td></tr>

<tr=<td=impairment loss</td><td>-% 2000</td><td>-§ O<ftd></tr>

<tr=<td=balance end of year<ftd><td>$ 12500</td><td>$ 14000</td=</tr>

</table>

Question: whal was the goodwill acquired n 20217

Question: what is the balance at the end of 20217

O Numeric Tokens . Financial Terms . Table .Quesluon Span . Narrative

Figure 1: Illustrative TQA input instance with segmentation.

3 Experiments and Results

Performance Benchmarking.

Table [T compares the benchmarking accuracy of four 7B-parameter language models across finance
and general domains without instruction tuning (ChatML format). The finance domain—adapted
models (FinGEITje-7B and FINMA-7B-NLP) clearly outperform their general-purpose counterparts
in both Dutch and English.

Table 1: Exact answer accuracy of domain-adapted and general-purpose models (ChatML, no
instructions) on the FinDutchBench (NL) and FinGPT-ConvFinQA (EN) benchmarks.

Model Domain Accuracy (%)
FinGEITje-7B (NL) Finance 27.60
GEITje-7B-ultra (NL)  General 6.06
FINMA-7B-NLP (EN) Finance 44.36
Vicuna-7B-v1.3 (EN) General 16.44

This initial benchmarking as shown in Table[T] confirms that domain adaptation in finance produces
substantial performance improvements in both Dutch and English, establishing a reliable baseline for
the interpretability study [18, 36].

Input x Gradient Attribution Results.

Aggregated I x G scores identify the dominant attribution segment for each datapoint in both the Dutch
and English test sets. Table[2]reports the number of attribution tokens across input segments for Dutch
(FinGEITje-7B, GEITje-7B) and English (FINMA-7B, Vicuna-7B v1.3/v1.5) models. Additional
distribution plots are provided in Appendix [A]for reference. Across languages, numeric and question
segments attract the most attribution tokens, indicating higher model attention to quantitative and
interrogative content.



Dutch Results. The domain-adapted FinGEITje-7B distributes its highest attribution more fre-
quently across semantically relevant segments (Question, Financial Terms, and Table regions) com-
pared to its general-purpose counterpart, GEITje-7B-ultra. In contrast, GEITje-7B-ultra exhibited a
pronounced focus on Numeric Tokens. The relative increase in focus on the Table segment for Fin-
GElITje suggests that domain adaptation encourages the model to recognize and utilize the structural
relevance of tabular data for TQA.

Table 2: Attribution token counts by input segment for Dutch (FinGEITje-7B, GEITje-7B) and
English (FINMA-7B, Vicuna-7B v1.3/v1.5) models.

Segment NL EN

FinGEITje GEITje | FINMA Vicuna-7B-vl.3 Vicuna-7B-v1.5
Numeric Tokens 432 525 359 608 562
Narrative 235 245 237 208 171
Financial Terms 216 209 148 177 220
Table 256 200 217 187 131
Question 314 274 529 311 406

English Results. The English models show a parallel, if distinct, shift. FINMA-7B-NLP attributes
heavily to the Question segment while deemphasizing Numeric Tokens compared to Vicuna. Unlike
the Dutch adaptation, which increased focus on the Table, the English model’s balance is achieved
through stronger question and narrative alignment.

Table 2] counts tokens with highest absolute IXG score per example, showing which segment most
influenced each prediction. Across both languages, domain-adapted models distribute attribution
more evenly than their general-purpose counterparts. This suggests robust financial QA relies on
integrating multiple input types, not just raw numbers.

4 Discussion and Conclusion

Fragility and Scaling Limits of Explainable AI: Attribution Methods.

A key finding of this work, relevant to the Al for Tabular Data community, is the limited robustness
of current attribution methods when applied to complex Table QA tasks.

1. Scaling Limits, arise from input sequences exceeding 1,500 tokens, which dilute attribution
signals and render combinatorial methods such as Shapley values computationally infeasible
[2, 5, 19]. These challenges are amplified in financial TQA, where tabular evidence and
textual context interact across heterogeneous structures.

2. Non-robustness, stems from the sensitivity of gradient-based methods to tokenization,
prompt phrasing, and numerical formatting. In practice, small variations in table layout or
linguistic structure yield substantial shifts in attribution, undermining reproducibility. These
effects highlight that current attribution techniques capture local sensitivity rather than the
true causal pathways that connect tabular content to model predictions [2, 14, 27, 35].

Conclusion and Future Work.

This study examines the internal behavior of finance domain-adapted and general-purpose LLMs
in multilingual TQA using Input x Gradient attribution. Domain adaptation yields more balanced
attributions in both Dutch and English, but these improvements in accuracy do not translate into more
interpretable or stable explanations.

Future work may extend beyond post-hoc saliency toward methods capable of isolating how models
combine table structure and text when making decision about numerical relationships. Promising di-
rections include probing classifiers to test layer-wise encoding of tabular information and mechanistic
interpretability to identify circuits responsible for table—text alignment [12, 28]. Progress in this area
is essential for developing transparent, auditable systems that meet the accountability requirements of
financial decision-making.
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A Supplementary Bar Plots for I xG Attribution

Dominant Influence Segments per Model (Input x Gradient)
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Figure 2: Distribution of dominant attribution categories for FinGEITje-7B and GEITje-7Bultra.
Each bar shows the number of examples in which the majority of IxG saliency was concentrated on
one of five input categories.
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Figure 3: Distribution of dominant attribution categories for FinMA-7B and both Vicuna-7B versions



B Limitations of Input x Gradient Attribution

Input x Gradient is employed in this work with the explicit understanding that transformer-based
language models are highly non-linear, and any attribution technique grounded in local linearity must
be interpreted with caution. We therefore use Input x Gradient not as a measure of causal influence,
but as a proxy for local sensitivity: it identifies which input regions the model is most responsive
to under small perturbations. To generate explanations in our work, each datapoint is segmented
into its main components: context, table, and question. Then, salience is then compared across these
functional regions to detect over-reliance on context or under-utilization of tabular information.

Although Input x Gradient is one of the earlier gradient-based attribution techniques, it offers a
computationally tractable solution for multi-billion-parameter LLMs with long-context inputs. More
computationally intensive methods (e.g., Integrated Gradients [31], DeepSHAP [19], LRP [44])
become infeasible even on large-scale compute systems. Input x Gradient therefore provides a
consistent and scalable approach across all experiments. Developing interpretability methods that
combine stronger theoretical foundations with practical scalability remains an important direction for
future work.

C Use of AI Assistance

During the development of this paper, language models such as ChatGPT were occasionally used
to support the writing and debugging process. Specifically, these tools assisted in identifying
grammatical issues, rephrasing technical sentences for clarity, and resolving minor implementation
errors.

All conceptual contributions, research design, analyses, and interpretations presented in this work are
the author’s original intellectual work. The use of Al tools served only to improve efficiency and
expression, without contributing to the core ideas or findings.

D Illustrative Prompt Structures: ChatML

<|system|>
System message goes here

<|user|>
User message goes here

<|assistant|>
Assistant response goes here

Figure 4: Example ChatML prompt format with system, user, and assistant roles.

E Model Cards

Abbreviations Used

This subsection provides brief explanations of the abbreviations used in the model comparison cards
and related methodology sections.

* SFT - Supervised Fine-Tuning on instruction-style data. [24]

* DPO - Direct Preference Optimization.[26]

* RLHF - Reinforcement Learning from Human Feedback.[9]

e PEFT - Parameter-Efficient Fine-Tuning (e.g., LoORA, QLoRA).[1]

* LoRA - Low-Rank Adaptation.[13]

* QLoRA - Quantized LoRA, enabling efficient training via quantization[10]



FinGEITje-7Bf]
Language: Dutch
Domain: Finance
Architecture: Mistral 7B
Tokenizer: Mistral BPE
Tuning: SFT (QLoRA)
PEFT: QLoRA + LoRA
Open Weights: Yes

“https://huggingface.co/snoels/
FinGEITje-7B-sft

GEITje-7B-ultra|
Language: Dutch
Domain: General-purpose
Architecture: Mistral 7B
Tokenizer: Mistral BPE
Tuning: SFT + DPO
PEFT: None (full DPO)
Open Weights: Yes

“https://huggingface.co/
BramVanroy/GEITje-7B-ultra
N

FinMA-7Bf

Language: English

Domain: Finance
Architecture: LLaMA 7B
Tokenizer: LLaMA Tokenizer
Tuning: SFT (full fine-tune)
PEFT: None

Open Weights: Yes

‘https://huggingface.co/
ChanceFocus/finma-7b-nlp

Vicuna-7BF]

Language: English

Domain: General-purpose
Architecture: LLaMA 7B
Tokenizer: LLaMA Tokenizer
Tuning: SFT (full fine-tune)
PEFT: None

Open Weights: Partially

“https://huggingface.co/lmsys/
vicuna-7b-v1.5

Figure 5: Core model cards for Dutch and English LLMs used in this study.
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