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Abstract

Generating natural language explanations (NLEs) for models’ predictions have
gained increasing interest, but it typically demands large datasets of human-written
NLEs for ground-truth labels at training time, which can be costly and impractical.
Recent works have shown promise in fine-tuning pre-trained language models
(PLMs) in conjunction with prompt-based learning for few-shot scenarios. How-
ever, PLMs typically have billions of parameters, making full fine-tuning expensive.
We introduce SPARSEFIT, a sparse few-shot fine-tuning strategy that leverages
discrete prompts to jointly generate predictions and NLEs. Our experiments with
TS5 and Llama 2 across four datasets reveal that SPARSEFIT configurations that
fine-tune only 6.8% of the model parameters achieve competitive performance
for both task performance and NLE quality compared to full fine-tuning. More-
over, SPARSEFIT produces better results on average than other state-of-the-art
Parameter-Efficient Fine-Tuning (PEFT) techniques.

1 Introduction

Neural networks have achieved great success [11, 6], but often lack human-intelligible explanations for
their predictions, which is crucial for trustworthiness. These models usually lack human-intelligible
explanations for their predictions, which are paramount for ensuring their trustworthiness. There
is growing interest in building neural models that provide natural language explanations (NLEs),
which are easy for humans to understand and more expressive than other types of explanations [48,
50]. However, these models require large datasets of human-written NLEs for training, which
could be costly and time-consuming to collect. Few-shot learning of NLEs has emerged as a
solution [32, 54], but current methods involve fine-tuning the entire model with a few examples, which
is computationally expensive due to the large number of parameters in modern NLE models [41].

This paper investigates whether sparse fine-tuning (i.e. fine-tuning only a subset of parameters), in
conjunction with prompt-based learning (i.e., textual instructions provided to a model [28]), can
help in scenarios with limited availability of training instances with labels and NLEs. While sparse
fine-tuning has been applied in Natural Language Processing (NLP) before [18, 29, 55], our work is
the first to analyze sparse fine-tuning in the context of jointly generating predictions and NLEs. We
extend the sparse fine-tuning strategy beyond only bias terms [55] to include all layers and pairs of
layers in a language model.
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In this paper, we propose SPARSEFIT, an efficient few-shot prompt-based training regime for models
generating both predictions and NLEs for their predictions. We experiment with SPARSEFIT on
three pre-trained language models (PLMs) that have previously shown high performance on task
performance and NLE generation, namely T5 [36], UNIFIEDQA [13] and LLAMA 2-7B [46].
We test our approach on four popular NLE datasets: e-SNLI [8], ECQA [1], SBIC [39], and
ComVE [49], and evaluate both the task performance and the quality of the generated NLEs, the
latter with both automatic metrics and human evaluation. Overall, SPARSEFIT shows competitive
performance in few-shot learning settings with 48 training instances. For example, fine-tuning only
the Normalization Layer together with the Self-attention Query Layer, which account for 6.84% of the
model’s parameters, consistently gave the best performance (penalized by the number of fine-tuned
parameters) over all four datasets. Remarkably, SPARSEFIT outperforms the current state-of-the-art
parameter-efficient fine-tuning (PEFT) models in terms of both task performance and quality of
generated NLEs in two of the four datasets. Therefore, we conclude that few-shot sparse fine-tuning
of PLMs can achieve results competitive with fine-tuning the entire model.

2 Related Work

Few-shot learning refers to training models with limited labeled data for a given task [16, 47].It
has been effectively used in various applications, including image captioning [14], object classifica-
tion [37], behavioral bio-metrics [44], graph node classification [40], and language modeling [47].
Large Language Models (LLMs) have shown impressive skills in few-shot learning [6, 11] due to
their extensive pre-training corpora and the statistical capacity of the models [20].

Parameter-Efficient Fine-Tuning Using fine-tuning, LLMs have shown breakthrough language
understanding and generation capabilities in a wide range of domains [36, 6, 11]. However, in
NLP, the up-stream model (i.e., the model to be fine-tuned) is commonly a LLM with millions of
parameters, which makes them computationally expensive to fine-tune. To address this, Parameter-
efficient Fine-tuning (PEFT) methods have been developed, which fine-tune only a small set of the
PLM’s parameters (or an extra small set of parameters) to maintain performance while reducing
computational cost. Some key PEFT methods include Prefix-Tuning [25], which adds a small task-
specific vector to the input to adapt the frozen PLM to new downstream tasks; LoRA [19], which
injects trainable low-rank matrices into the transformer architecture while keeping the pre-trained
weights frozen, with AdaLoRA [56] extending this by adaptively allocating the rank budget during
training; BitFit [55], which fine-tunes only the bias terms in each layer of a transformer-based PLM;
and (IA)® [27], which scales intermediate activations with learned vectors.

Explainability of Neural Models Several approaches have been proposed in the literature to bring a
degree of explainability to the predictions of neural models, using different forms of explanations, such
as (1) Feature-based explanations [38, 43, 53, 42], (2) Natural Language Explanations [8, 33, 23, 31],
(3) Counterfactual explanations [2], and (4) Surrogate explanations [3]. In this paper, we focus on
models that provide NLEs, i.e. free-form text stating the reasons behind a prediction. Being in natural
language, NLEs should be easy to interpret by humans and more expressive than other types of
explanations [50, 7, 21]. NLEs have been applied to several domains such as question answering [34],
natural language inference [8], recommendation systems [10], reinforcement learning [15], medical
imagining [23], visual-textual reasoning [17, 22, 31], and solving mathematical problems [26]. To
enable neural models to generate accurate NLEs, the prevalent method involves annotating predictions
with human-written explanations and training models to treat NLE generation as a sequence generation
task [8]. Due to the high cost and time required to collect extensive datasets of human-written NLEs,
methods such as [54] aims to fine-tune a PLM with a few NLEs but with abundant task-specific
labels. More recently, [32] introduced the FEB benchmark for few-shot learning of NLEs and a
prompt-based fine-tuning strategy, which we serves as the baseline in this study.

3 SPARSEFIT

We propose SPARSEFIT, an efficient few-shot NLE training strategy that fine-tunes only a subset of
parameters in a LLM. SPARSEFIT is inspired by (1) FEB [32], who used fine-tuning and prompts to
do few-shot learning of labels and NLEs; and (2) BitFit [55], who showed that fine-tuning only the



SPARSEFIT ComVE ECQA SBIC e-SNLI Avg

Baseline Acc. 80.5 +45 57.6 +2.6 70.1 +3.4 84.8 126 73.3 133
(100.00%) nBERTSs 74.2 4.2 51.7 +2.4 67.8 +3.3 76.9 25 67.7 £3.1
Decoder Acc. 67.3 6.0 V 58.5 +2.6 66.8 +3.1 V 86.6 £1.7V  69.8 +3.4
(54.60%) nBERTsS 61.7 +55V 523 424V 64.7 £2.7 783 +16V 643 130
Encoder Acc. 72.6 +t61V 532 +36V 624 165V 79.0 3.4V 66.8 +a.9
(40.95%) nBERTS 67.1 +5.7 472 432V  58.7 65V 724 132V 61.3 +46
Dense.wo Acc. 61.3 444V  56.1 224V 62.4 426V 84.0 +1.9 659 +28
(27.29%) nBERTs 564 +41V  0.0+00V  59.8 426V 747126V  47.7 423
Self-attention (KQV) Acc. 76.2 +4.4 V 56.9 +3.0 69.9 +3.8 833424V  T71.6 +34
(20.47%) nBERTs 703 +40V 502427V 674430V  76.1 +22V  66.0 +3.2
LM head + Attention.Q Acc. 748 150V 554 127V  67.1 452V 82.8 +3.0V  70.0 £4.0
(11.28%) nBERTSs 69.0 +4.6 43.7 +43V 64.5 +5.5 75.8 +28V  63.2 +4.3
LM head Acc. 156 413V 589123V 02402V 86.7 t18V 403 +1.4
(4.46%) nBERTS 0.0 +0.0 V 0.0 +0.0 V 0.2 +02V 0.0 +0.0 V 0.0 +o0.0
LayerNorm + Attention.Q Acc. 749 53V 558431V  67.0+44V 826127V  70.1 £3.9
(6.84%) nBERTS 69.0 a8 45.9 137V 64.3 ta.7 75.6 +25V  63.7 +3.9
Attention.K Acc. 48.8 28V 56.7 25V 0.2 0.2V 19.6 +11.5 V. 31.3 +43
(6.82%) nBERTs 194 t100V 0.0 00V 0.1 02V 0.2 +0.3 V 49 1256
Attention.Q Acc. 748 +51V 555432V  66.9 +t46V 82.8 426 V. 70.0 +3.8
(6.82%) nBERTSs 68.9 +a.7 434 148V 64.2 +a8 75.8 +23V  63.1 +a.2
Attention.V Acc. 555430V  53.1 4258V  30.1 +102V 84.2 +2.0 55.7 +4.5
(6.82%) nBERTs 51.0 +2.8 V 0.0+00V  30.1 +102V 717 £34V  38.2 +4.1
LayerNorm Acc. 343424V 590424V 03103V 86.6+1.8V 450 x1.7
(0.02%) nBERTs 0.0 0.0 V 0.0 0.0 V 0.2 +02 V 0.0 0.0 V 0.1 +o0a

Table 1: Summary of top-performing SPARSEFIT configurations for T5-1arge, evaluating them
based on the accuracy metric and the normalized BERTScore (nBERTS) across 60 few-shot train-
validation splits. The percentages of fine-tuned weights for each configuration are indicated in brack-
ets. The highest metric for each dataset is highlighted in bold, the best performance without consider-
ing parameter count is in blue, and the optimal setting considering fine-tuned parameters is in green.
The trade-off between parameters and performances was computed using (1 — %params) x nBERTS).
Significance was tested via mean t-test against baseline: V represents a p-value lower than 1072,

bias terms in a PLM leads to competitive performance. We extend BitFit by exploring the fine-tuning
of different components (i.e., layers or blocks) in the PLM’s architecture. In particular, we study
the self-rationalization performance after fine-tuning varios components in the transformer-baseed
model, such as encoder and decoder blocks, language model head, self-attention layers, feed-forward
networks, and normalization layers. This approach aims to identify fine-tuning guidelines for
achieving competitive performance with minimal parameter updates. Notice that when fine-tuning
any component, or pair of components, we freeze all other PLM’s parameters and train the LM to
conditionally generate a text in the form of “[label] because [explanation]”.

Encoder The T5 model’s encoder consists of multiple transformer blocks (V), each containing self-
attention, position-wise fully connected layers, and layer normalization, accounting for approximately
41% of the model’s parameters. The number of blocks depends on the T5 variant (12 blocks for
T5-base, 24 for T5-1large, and 36 for T5-3B).

Decoder The decoder accounts for roughly 54% of T5 model parameters and it includes an additional
encoder-decoder attention layer that attends to the encoded input sequence.

LM Head: The language modeling head, responsible for text generation, makes up roughly 5% of
the parameters and it is located on top of the decoder.

Attention Layer: The self-attention layers, with parameters for query, key, and value matrices are
also explored. There are three types of parameters in the self-attention layer, namely, for computing
the query matrix @), the key matrix K, and the value matrix V. We propose to explore the fine-tuning
of each self-attention matrix as a possible SPARSEFIT configuration. We also explore fine-tuning the
entire Self-attention Layer (QQ, K, V). On average, the percentage of trainable parameters associated
with each matrix accounts for roughly 6% of model parameters.

Layer Normalization: The Normalization Layer is intended to enhance training speed and represents
about 0.2% of the parameters [4]. The TS model includes two Layer Normalization components per
block, one after the self-attention layer and one after the feed-forwards networks.



FLOPS ComVE ECQA SBIC e-SNLI Avg

SPARSEFIT (Att.Q+LN) 2.37¢14 Acc. 74.86 +5.27 55.81 +3.12 66.99 +41.4 82.62 +2.73 70.07 +3.88
(6.84%) nBERTs  69.02 +4.83 45.88 +3.72 64.29 +a.7 75.63 +2.51 63.7 +3.94
AdaLLoRA 1.48el5 Acc. 69.66 +3.47V  46.60 +4.02V  61.80 +2.74 V. 84.50 +1.95 V  65.64 +3.05

(1.15%) nBERTs 64.06 +3.10V  41.22 365V 5891 1286V 7743 +1.79V  60.41 +2.87

LoRA (Att.KQVO, Rank=4) 2.75e14 Acc. 68.96 +3.68 V.  39.04 +4.06 V  62.66 +3.46 V  84.05 +1.81V  63.68 +3.25
(0.32%) nBERTs 63.48 +3.39 V 3352 4376 V. 59.80 +3.66 V. 77.04 +1.66 V.  58.46 +3.12

IA)? 2.74e14 Acc. 5853 +2.32V  59.14 1236 V. 48.08 +0.81 V  86.64 +1.85 V  63.10 +1.84

0.07%) nBERTs 53.87 +2.15V  48.08 +1.02 V  48.06 +0.80 V. 72.18 +1.54 V. 55.55 +1.60

Table 2: Performance comparison between SPARSEFIT and other PEFT strategies. We report the
average and the standard deviation over the 60 few-shot train-validation splits for the accuracy metric
and the normalized BERTScore (nBERTS). The highest metric for each dataset is highlighted in
bold. Significance testing was assessed via mean t-test, with v indicating a p-value lower than 102,

4 Experiments

Datasets We follow the FEB benchmark for few-shot learning of NLEs [32] and consider four NLE
datasets: e-SNLI for natural language inference [8], ECQA for multiple-choice question answering [1],
ComVE for commonsense classification [49], and SBIC for offensiveness classification [39].

Few-shot Learning Data Splits Following the few-shot evaluation protocol used by [32], we
conducted our experiments using the same 60 train-validation splits. Each experiment included 48
training examples and 350 validation examples. The number of training examples per label varied
across datasets: e-SNLI had 16, ECQA 48, SBIC 24, and omVE 24; always totaling 48 training
examples for all datasets.

Training Procedure Following [32], we fine-tune TS5 [36] and UNIFIEDQA [24]. Depending
on the setup, the gradients are activated for specific parameters (SPARSEFIT) or the entire model
(baseline). Additionally, we also adapted LoRA [19], AdaLLoRA [56] and (TA)3 [27]; to compare
with other PEFT baselines. For SPARSEFIT configurations, we fine-tuned each component (or pair)
for 25 epochs with a batch size of 4 samples, using AdamW optimizer [30] with a fixed learning
rate of 0.00003. Conditional text generation is used for inference on the validation set. Training and
evaluation were run on an NVIDIA P100, and took 23.2min, on average.

Automatic Evaluation The evaluation considers the task accuracy and the quality of the generated
NLEs. Following [32], we use the BERTScore [57] to evaluate the quality of the NLEs. [22] found
that the BERTScore correlates the best with human evaluation in NLEs. We compute a normalized
BERTScore that assigns a zero score to empty NLEs, or NLEs of incorrectly predicted samples. We
report the averages and standard deviations of the accuracy and the normalized BERTScore over 60
train-validation splits for each fine-tuning configuration.

Human Evaluation In addition to the normalized BERTScore, we conducted a small-scale human
evaluation to assess the quality of NLEs for the best-performing SPARSEFIT configurations. We
selected NLEs from the first 30 correctly predicted samples in each validation set (balanced to the
number of classes). Our human evaluation framework follows those of [22, 32]. For the NLE quality
assessment, each annotator is asked to answer: “Does the explanation justify the answer?" and
select one of four possible answers: yes, weak yes, weak no, or no. Moreover, we also ask the
annotators to identify the main shortcomings, if any, of the generated NLEs. As in [22], we compute a
numerical quality score for NLEs by mapping the four answers as follows: yes — 1, weak yes — %,

weak no — %, and no — 0; and averaging them per model.

4.1 Results

To evaluate SPARSEFIT, we computed the task accuracy and the quality of the generated NLEs.
Among the sixty-two (62) SPARSEFIT possible configurations (including single layers plus pairs of
layers), for space reasons, we present only the top configurations based on generalization properties.
Comprehensive results for all configurations are shown in Appendix C.



ComVE ECQA SBIC e-SNLI Avg

Full Fine-tuning Acc. 63.71 £9.14  11.14 314  63.86 +1.86 34.91 +0.43 43.41 +3.64
(100%) nBERTs 5593 z0.16  9.46 x270  57.42 £132 28.62 084  37.86 +3.53
SPARSEFIT (Att.Q+LN) Acc. 68.03 +58.24 24.53 1334 5790 +1.70 40.10 +4.03  47.64 +4.33
(7.97%) nBERTs  58.67 +7.20 20.60 +2.83 50.41 +2.72  34.32 +3.50  41.00 +4.06
AdalLoRA Acc. 64.23 +2.86  13.04 +2.00  57.29 +1.86 38.15 +a.22  43.18 +2.76
(0.30%) nBERTs 56.16 +2.77  11.13 £1.79  50.63 +to.33 33.48 +3.71  37.85 +2.15

Table 3: Performance comparison between SPARSEFIT and other PEFT strategies for Llama 2-7B.
We report the average and the standard deviation over the 60 few-shot splits for the accuracy metric
and the normalized BERTScore (nBERTS). The highest metric for each dataset is highlighted in
bold. Significance testing was assessed via mean t-test, with V indicating a p-value lower than 10~2.

Task Performance We present in Table 1 the accuracy performance for various SPARSEFIT
settings for T5-1arge, highlighting that some SPARSEFIT configurations with very few fine-tuned
parameters outperform the baseline (i.e., full fine-tuning). For instance, fine-tuning the Normalization
Layer (LayerNorm) (0.02% of the model’s parameters) yields better task performance for two out of
four datasets Furthermore, we consistently see that if two SPARSEFIT configurations achieve good
generalization results, combining them by jointly fine-tuning both components produces significantly
better results than each configuration in isolation. Results for T5-base and T5-3b are shown in
Appendix C. The results indicate that larger LMs consistently achieve higher task accuracy across all
datasets, although the performance gap between T5-1arge and T5-3b is small (<7%) despite a
substantial increase in trainable parameters (~5x).

NLE Quality Recall that the LM is fine-tuned to conditionally generate a text in the form of “[label]
because [explanation]”. Table 1 shows the normalized BERTScore for selected SPARSEFIT settings
as a proxy to evaluate how good the NLEs generated after the explanation token (i.e. “because”) is.
Overall, it can be observed that SPARSEFIT settings with few trainable parameters (<10%), such as
the Self-attention Query (Att.Q), LM Head + Attention Query (Att.Q+LMhead), and Layer Norm +
Attention Query (Att.Q+LN), perform competitively against the baseline. Moreover, we can see that
the best quality of NLEs is achieved for SPARSEFIT combinations of two or more types of components
(e.g., LayerNorm + Att.Q). The performance gap between most of the SPARSEFIT configurations
and the baseline does not exceed 15% for all the datasets, even for very sparse fine-tuning strategies.

Unexpectedly, some SPARSEFIT configurations with high task accuracy (e.g., LayerNorm) have
a low normalized BERTScore due to limitations with generating the explanation token after the
generated label token. We investigate more about this behavior in Section 4.2. Results for other
TS model sizes (i.e. T5-base, T5-1large and T5-3b) are shown in Appendix C.1. We found
that the normalized BERTScore consistently increases with the size of the LM. Remarkably, the
best SPARSEFIT configurations for T5-1arge also achieve the best performance when fine-tuning
T5-base, but they are slightly different for T5-3b.

Other PEFT Baselines To compare SPARSEFIT with other PEFT baselines, we also evaluated
LoRA [19], AdaLoRA [56] and (IA)? [27] for NLEs. The comparison with other PEFT strate-
gies (Table 2) shows that, on average, SPARSEFIT outperforms the other strategies in downstream
performance and NLE quality. While these PEFT methods tune less than 20% of the parameters
updated by SPARSEFIT, the quality of NLEs is considerably better for SPARSEFIT for two out of
four datasets. Additionally, SPARSEFIT exhibits the lowest FLOPS, likely due to SPARSEFIT neither
introduces additional model parameters nor increases the model’s architectural complexity.

Larger Language Models To assess the performance of SPARSEFIT in both larger language models
and different architectures we also conducted experiments on L1ama 2-7B. Notice that SPARSEFIT
approach is applicable to any architecture (not only the T5 encoder-decoder) since it focuses on
identifying the optimal layer(s) to fine-tune, independent of the model’s structure. Experiments on the
larger decoder-only model Llama 2-7B show that SPARSEFIT outperforms the best PEFT baseline
(AdaLora) in terms of both predictive accuracy and NLE quality (See Table 3). Specifically, the best
SPARSEFIT have on average roughly 5% better NLE quality across all datasets.
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Table 4: Average scores given by human anno-
tators for the best performing SPARSEFIT and Table 5: Average scores given by human annota-
other PEFT baselines of T5-1arge. The best tors for the best performing SPARSEFIT and other
results are in bold. In brackets, we show the inter- PEFT baselines of L1ama—-2-7B. The best re-
annotator agreement score. sults are in bold.

Human Evaluation Table 4 present the distribution of the scores assigned by human annotators
to the quality of NLEs generated by the best SPARSEFIT strategies and the top-performing PEFT
baseline (Adal.ora). The inter-annotator agreement was measured using the Cohen’ « metric [12].
Overall, SPARSEFIT-generated NLEs are significantly better than those of the baseline and AdaLoRA
for 2 out of 4 tasks. For the other two tasks, AdalLoRA produces better NLEs by a very smaller
margin. On average, the NLEs of SPARSEFIT are roughly 8% better than NLEs of AdaLoRA and
6% better than full fine-tuning NLEs. However, the human evaluation shows that the generated
NLE:s often failed to adequately explain the predictions, with roughly half of the NLEs that do not
justify the answer (no matter what fine-tuning strategy is used). We detail the shortcomings and
limitations of generated NLEs in Section 4.2. Finally, Table 5 shows the human evaluation results
for the best SPARSEFIT configuration and other PEFT baselines when applied to L1ama2-7B. On
average, the NLEs of SPARSEFIT are roughly 6% better than NLEs of AdalLoRA and 21% better
than full fine-tuning NLEs for L1ama2-7B.

4.2 Discussion

Analysis of the Generated NLEs In Figure 2, we show a collection of examples of the generated
NLEs by the baseline and the best performing SPARSEFIT configurations. As in previous works [8,
22, 32], we only show examples where the label was correctly predicted by the model since we do
not expect a model that predicted a wrong label to generate a correct explanation.

NLE Shortcomings Figure 3 depicts the frequency histogram of shortcomings for the baseline
and the top-performing SPARSEFIT strategies. It can be observed that the most common shortcom-
ings are Lack of explanation, Nonsensical, and Incomplete explanation. For the best SPARSEFIT
configuration (i.e. Att. Q+LN), Incomplete explanation is the most frequent shortcoming. A detailed
breakdown of these shortcomings for each dataset is provided in Appendix C.4.

Inter-Annotator Agreement As shown in Table 4, the agreement between annotators is moderately
low for the set of evaluated NLEs, with differing scores assigned to 181 out of 600 NLEs. The ECQA



Premise 2 woman walking down the street next to graffiti

Hypothesis The 2 woman are running

Label Contradiction

Explanation You can’t be running, if you are walking. Walking is different from running.
Generated Explanation

Baseline walking and running are different actions

Decoder walking and running are different verbs

Att.Q the 2 woman are walking not running

Att.Q + Head walking and running are not the same

Att.Q + LN walking is not running

Question The teacher doesn’t tolerate noise during a test in their what?

Answer Choices A) Theatre B) Bowling C) Alley D) Factory E) Classroom

Answer Classroom

Explanation Test is done in classroom. A teacher when in classroom does not tolerate noise.
Generated Explanation

Baseline noise is harmful for students. classroom is a place where students can take test.

Decoder classroom is a place where students are studying. there is no noise in classroom.

Att.Q classroom is a place where people can learn. noise is a problem in classroom.

Att.Q + Head noise is harmful to students

Att.Q + LN classroom is a place where people can learn. noise is a distracting thing.

Post @cmencarini: I dont trust gitls ; cant trust these hoes

Label Offensive

Explanation This post implies that women are not honest. This post implies that women are not
trustworthy. This post implies that women are all women are hoes.
Generated Explanation

Baseline this post implies that women aren’t important

Decoder this post implies that women are prostitutes

Att.Q this post implies that women aren’t trustworthy

Att.Q + Head this post implies that women aren’t trustworthy

Att.Q + LN this post implies that women are dirty

Choice 1 A Latino can communicate with someone from Spain

Choice 2 French and Latinos can communicate easy

Label Choice 2

Explanation French can’t communicate with Latinos because they don’t speak the same language.
French and Latinos belongs to two different countries with two different languages.
Generated Explanation

Baseline french and latinos are two different languages

Decoder french and latinos are two different people and don’t speak the same language

Att.Q french is not a common language in latinamerica

Att.Q + Head french and latinos cannot communicate easily.

Att.Q + LN french and latinos cannot communicate easily

Figure 2: Examples of generated NLEs for e-SNLI (Green), ECQA (Blue), SBIC (Red), and
ComVE (Yellow).

dataset exhibits the most significant differences (63), while the SBIC dataset is the most uniform,
with 17 differences. The variation between annotators can result from three potential perceptual
reasons: (1) perceptual disagreement, where annotators could not objectively identify the difference
between two adjacent answers (i.e. Weak Yes vs Weak No). (2) positionality disagreement, which
could alter how the annotators perceive the outcomes of the algorithm due to their race, gender,
and other socioeconomic identity factors. and (3) expectation disagreement, which may cause an
annotator to be more strict on the characteristics that make an explanation complete and accurate
[5, 35]. An extensive collection of examples of perceptual disagreement, positionality disagreement,
and expectation disagreement samples are in Appendix C.5.
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Figure 3: Histogram of the shortcomings of the generated NLEs for the baseline and the performing
SPARSEFIT configurations aggregated for all the datasets.

Generation of Empty NLEs Some SPARSEFIT configurations, such as LayerNorm, exhibits high
task performance but often generate empty NLEs, particularly for the e-SNLI and ECQA datasets.
This discrepancy may arise because generating NLEs is inherently more complex than solving
downstream tasks, potentially requiring fine-tuning more significant portions of the model parameters.
Another explanation can be found by analyzing the pre-training tasks of the PLM. For example, T5
was pre-trained on the MNLI dataset [52], which is composed of NLI instances without NLEs, leading
the model to predict labels without generating explanations when only a small subset of parameters
is updated. Similar reasoning may be concluded for ECQA since UNIFIEDQA was pre-trained on
CommonsenseQA [45], which is composed of samples with only the answer for the multiple-choice
question.

5 Summary

We introduced SPARSEFIT, a strategy that combines sparse fine-tuning with prompt-based learning
to train NLE models in a few-shot setup. SPARSEFIT consistently performs competitively while
updating only a minimal subset of parameters (i.e. ~6.8% for the Self-attention Query + Layer
Normalization, configuration). We found that the sparse fine-tuning of T5-1arge consistently
achieves better performance than fine-tuning T5-base and is slightly worse (< 5%) than T5-3b,
no matter the SPARSEFIT strategy. Moreover, the best three configurations on T5-base are achieved
by the same set of SPARSEFIT configurations found for T5-1arge. Compared to other PEFT
techniques, SPARSEFIT produces better average predictive accuracy and NLE quality. Future work
includes build upon SPARSEFIT by, e.g. relying on soft prompts rather than hard prompts.

Limitations

Although generating natural language explanations is a fervid research area, there is still no guarantee
that such explanations accurately reflect how the model works internally [51, 9]. For example, the
fact that the generated explanation seems reasonable does not mean that the model does not rely
on protected attributes and spurious correlations in the training data to produce its predictions. As
such, we still recommend being careful to use self-explanatory models in production, as they can
capture potentially harmful biases from the training data, even though these are not mentioned in the
explanations.
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A SPARSEFIT Graphical Representation

In this paper, we propose an efficient few-shot prompt-based training regime for models generating
both predictions and NLEs on top of the TS5 language model. To have a better understanding of the
active trainable parameters in each SPARSEFIT configuration, we illustrate in Figure 4 a graphical
representation of the TS architecture with active parameters colored for the Layer Normalization
sparse fine-tuning. After freezing the rest of the model (gray-colored layers), the percentage of
parameters that could potentially be updated in the Layer Normalization is 0.02% of the entire model.
Considering that the UNIFIEDQA model’s architecture is the same as the one in T5, the interpretation
of active parameters holds for UNIFIEDQA.
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Figure 4: Illustration of the active trainable parameters in TS when SPARSEFIT is performed over the
layer normalization.

B Examples of Generated NLEs

This section shows a collection of examples of the generated NLEs by the baseline and the different
sparse fine-tuning strategies considered in our approach. We show four examples for each dataset.
Each example contains the generated NLE for the best performing SPARSEFIT configurations. As
in previous works [8, 22, 32], we only show examples where the label was correctly predicted by
the model (since we do not expect a model that predicted a wrong label to generate a correct NLE).
Regarding the protocol for choosing the examples shown in this section, we have done a manual
inspection of several possible examples, and we have chosen the more informative ones to conclude
the strengths and the weaknesses of the generated NLEs. Notice that, due to the few-shot splits
protocol (60 different train-validation splits), a single example could be predicted more than once for
a single setup (i.e., the sample is in more than one validation set).
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Premise

Two dogs play together on the bed.

Hypothesis Dogs laying down on the floor, motionless.
Label Contradiction
Generated Explanation
Baseline dogs can’t be motionless and play together on the bed.
Decoder playing together is different than lying down, motionless.
Encoder dogs laying down on the floor are motionless.
Attention.Q two dogs playing together on the bed are not laying down, motionless.
LM Head + Att.Q | two dogs playing together on the bed are not motionless.
LayNorm + Att.Q | two dogs playing together on the bed are not laying down, motionless.
Self-Attention two dogs playing together on the bed are not motionless.
Premise Man walking barefoot on the beach on what seems to be a very cloudy day
Hypothesis It is going to rain soon.g
Label Neutral
Generated Explanation
Baseline it does not look like it is going to rain soon
Decoder not all cloudy means it is raining
Encoder it does not mean it is going to rain soon
Attention.Q not all clouds are bad
LM Head + Att.Q | not all cloudy days are going to rain soon
LayNorm + Att.Q | it does not mean it is going to rain soon
Self-Attention not all cloudy days are going to rain soon
Premise Number 13 kicks a soccer ball towards the goal during children’s soccer game
Hypothesis A player trying to score in a soccer game
Label Entailment
Generated Explanation
Baseline number 13 is a player
Decoder number 13 is a player trying to score
Encoder number 13 is a player trying to score
Attention.Q number 13 is a player
LM Head + Att.Q | number 13 is a player trying to score
LayNorm + Att.Q | number 13 is a player
Self-Attention kicking a soccer ball towards the goal is similar to trying to score
Figure 5: Examples of generated NLEs for e-SNLI.
Question What does a person who likes school also do?

Answer Choices
Answer

A) Fever B) Play dumb C) Read text D) Catch cold E) Enjoy learning
Enjoy learning

Generated Explanation

Baseline A school is a place where one can learn. it is a place where one can get knowledge
and skills

Decoder a person who likes school also does. a person who likes school also does

Encoder enjoy learning is also a part of life of a person. a person who likes school also does
enjoy learning

Attention.Q school is a place where people learn. a person who likes school also likes to learn.

LM Head + Att.Q | school is a place where people learn. a person who likes school also does things like
studying.

LayNorm + Att.Q | school is a place where people learn. a person who likes school also does things like
studying.

Self-Attention a person who likes school also does things like studying.

Question When someone is watching a film that is a documentary, what are they hoping to

Answer Choices
Answer
Baseline
Decoder

Encoder

gain?
A) Like B) Insight C) Fear D) Being entertained E) Awareness
Insight

Generated Explanation

insight is the ability to gain knjdvledge through observation. when someone watches
a documentary, they are hoping to gain insight.

insight is the ability to gain knowledge through observation. people often seek out
information through watching a documentary.

insight is the ability to gain knowledge through observation.




Post

Watching conservacucks slobber all over the Western Wall makes me ill.

Label Offensive
Generated Explanation
Baseline this post implies that southerners are lazy.
Decoder this post implies that conservacucks are slobbering
Encoder this post implies that conservacucks are disgusting
Attention.Q this post implies that conservacucks are slobbering all over the western wall.
LM Head + Att.Q | tthis post implies that conservacucks are slobbering all over the western wall.
LayNorm + Att.Q | this post makes fun of conservacucks
Self-Attention this post implies that conservacucks are dirty.
Post Whats the difference between a training gun and a police officer? A training gun
shoots blanks, an officer shoots blacks
Label Offensive
Generated Explanation
Baseline this post implies that black people are criminals
Decoder this post implies that blacks are the only color that will be killed
Encoder this post implies that blacks are the victims of police brutality
Attention.Q this post implies that blacks are more dangerous
LM Head + Att.Q | this post implies that blacks are more dangerous
LayNorm + Att.Q | this post implies that black people are criminals
Self-Attention this post implies that blacks are inferior
Post What’s the worst than a nerd being Basketball Player A Nigga Becoming a Doctor
Label Offensive
Generated Explanation
Baseline this post implies that black folks are less than white
Decoder this post trivializes harm to victims
Encoder this post implies that blacks are worse than nerd
Attention.Q this post implies that blacks are better than nerds
LM Head + Att.Q | this post implies that blacks are inferior
LayNorm + Att.Q | this post implies that blacks are inferior
Self-Attention this post implies that blacks are the only people who shoot training guns

Figure 7: Examples of generated NLEs for SBIC.
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Choice 1 He used a towel to dry off after his shower.
Choice 2 He used an apple to dry off after his shower.
Label Choice 2
Generated Explanation
Baseline apple is a fruit, so it cannot dry off.
Decoder apple is a fruit and does not dry off
Encoder an apple is not a very absorbent material
Attention.Q an apple doesn’t dry off as well as a towel
LM Head + Att.Q | an apple is a fruit and it doesn’t dry off.
LayNorm + Att.Q | an apple is a fruit and it’s not a towel, so it’s not drying off as well.
Self-Attention apples are a fruit, and they don’t dry well on their own.
Choice 1 He walked his fish
Choice 2 He walked his dog
Label Choice 1
Generated Explanation
Baseline fish have no legs
Decoder fish cannot walk on water
Encoder fish cannot walk
Attention.Q fish are not able to walk
LM Head + Att.Q | fish don’t walk
LayNorm + Att.Q | fish cannot walk
Self-Attention fish cannot be walked
Choice 1 A ball is square and can roll
Choice 2 A ball is round and can roll
Label Choice 1
Generated Explanation
Baseline a square ball cannot roll
Decoder square balls are not rollable
Encoder a ball is square cannot roll
Attention.Q balls are round and can roll
LM Head + Att.Q | aball is round and can roll.
LayNorm + Att.Q | a square ball cannot roll
Self-Attention a ball can roll only in a round shape

Figure 8: Examples of generated NLEs for ComVE.

C SPARSEFIT Full Results

This section shows the results in terms of task accuracy, and NLEs quality all configurations of
SPARSEFIT and for different model sizes (i.e. T5-base, T5-1arge and T5-3b). For each metric,
we also break down the results by dataset.

C.1 Task Performance

Figure 9 depicts the distribution of the accuracy score for SPARSEFIT configurations trained on top of
T5-large. It can be observed that several SPARSEFIT configurations exhibit similar performance
as the baseline, particularly for ECQA and E-SNLI. The SPARSEFIT configurations with the best
task performance are Decoder, Self-Attention KQV, Self-attention Query, and Layer Normalization.
Remarkably, the SPARSEFIT configurations do not show a higher variance than the baseline across
the 60 train-validation splits (inter-quartile range). Figure 10 depicts the distribution of the accuracy
score for SPARSEFIT configurations trained on top of T5-3b. It can be observed that all SPARSEFIT
configurations outperform the baseline. However, the best performance for T5-3b is achieved by the
sparse fine-tuning of the Self-attention Value Layer. The results for T5—base can be observed in the
breakdown done for each dataset.
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Figure 9: Distribution of the accuracy scores for different SPARSEFIT configurations for T5-1large.
The percentage of parameters fine-tuned for each configuration is shown between brackets.
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Figure 10: Distribution of the accuracy scores for different SPARSEFIT configurations for T5-3b.
The percentage of parameters fine-tuned for each configuration is shown between brackets.
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SPARSEFIT ComVE ECQA SBIC e-SNLI Avg

LayerNorm + Attention.Q Acc. 5322 4367V 39.35 4231V 62.11 4504V 72.63 £287V  56.83 +3.47
T5-base nBERTs 48.77 +3.37 V 0.0 +0.0 V 59.45 547V 64.81 313V 43.26 +2.99
LayerNorm + Attention.Q Acc. 749 153V 55.8 31V 67.0 4.4V 82.6 2.7V 70.1 +3.9
TS5-large nBERTs 69.0 +4.8 459 437 V 64.3 +4.7 75.6 +2.5 V 63.7 +3.9
LayerNorm + Attention.Q Acc. 83.27 +452V 5413 +3.86 V.  68.87 1486 V  79.16 3.2V  71.36 +4.24
T5-3B nBERTSs 75.83 +4.14V  48.31 346V 65.86 +5.07V  71.27 4344 V  65.32 +4.03

Table 6: Summary of best performing SPARSEFIT configurations for LayerNorm + Attention. We
report the average and the standard deviation over the 60 few-shot train-validation splits for the
accuracy metric and the normalized BERTScore (nBERTS). In brackets are the percentages of
fine-tuned weights for each SPARSEFIT configuration. We show in bold the setting with the highest
metric for each dataset, in blue the highest performance among SPARSEFIT without considering
the number of parameters, and in green the best-performing setting after considering the percent-
age of fine-tuned parameters. The trade-off between parameters and performances was computed
using (1 — %params) x nBERTS). Significance testing was assessed via mean t-test compared with
the baseline: V represents a p-value lower than 102,
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Figure 11: Distribution of the accuracies for different settings of SPARSEFIT for the e-SNLI dataset.
For each model, the variation represents the overall performance in each of the 60 train-validation
splits. The percentage of parameters fine-tuned for each setup is depicted in brackets below the name
of each configuration.

Figure 11 depicts the box plot with the distribution of the accuracy scores on e-SNLI for the 60
train-validation splits for different SPARSEFIT configurations and the two pre-trained LM sizes.
Overall, for e-SNLI, the task performance increases with the size of the model for most of the sparse
fine-tuning configurations. Moreover, the interquartile range is considerably smaller when the model
size increases (i.e., T5—large scores are less spread than the ones for T5-base). The highest
median score was achieved by the fine-tuning of the Layer Normalization in T5-1arge, followed
very closely by the fine-tuning of the LM head and the Decoder in T5—-1arge. The combination of
components (i.e. Layer Norm + Self-attention Query) performed very closely to the best-performing
settings.

For the ECQA dataset, Figure 12 shows the box plot with the accuracy scores for different SPARSEFIT
setups. It can be observed that the performance of the larger LM (i.e., T5—-1arge) is consistently
better than T5-base. Overall, the accuracy is fairly similar for all the SPARSEFIT configurations
for a given LM size, with an average of 58% and 42% for T5-1arge and T5-base, respectively.
Note that the random guess accuracy is 20% for the ECQA dataset, since there are 5 possible answer
choices. The highest accuracy was achieved by the fine-tuning of the Decoder in T5-1large,
followed very closely by the fine-tuning of the Layer Normalization and LM Head. The combination
of components achieves a slightly lower performance than single components for the task prediction.
Surprisingly, for ECQA, the variability for a given combination of configuration-model (i.e. each
box) is higher for T5-1arge than for T5-base. Moreover, the fine-tuning of the Encoder for
T5-base gives worse results in comparison with all the other configurations. Besides the setting
where only the Encoder is fine-tuned for T5-base, the highest observed range in ECQA is roughly
14%.
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Figure 12: Distribution of the accuracy scores for different SPARSEFIT settings for the ECQA dataset.
For each model, the variation represents the overall performance in each of the 60 train-validation
splits. The percentage of parameters fine-tuned for each setup is depicted in brackets below the name
of each configuration.todoUpdate plot with t5-3b results
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Figure 13: Distribution of the accuracy scores for different settings of SPARSEFIT for the SBIC
dataset. For each model, the variation represents the overall performance in each of the 60 train-
validation splits. The percentage of parameters fine-tuned for each setup is depicted in brackets below
the name of each configuration.

For the SBIC dataset, Figure 13 depicts the box-plot with the dispersion of accuracy scores for
T5-base and T5-1arge. Recall that for the SBIC dataset, we fine-tune the UnifiedQA variant
of T5. In general, it can be seen that the accuracy score surges when the model size is increased;
thus, the best accuracy scores for a given sparse fine-tuning setup are found for the T5-1large.
The best median accuracy performance is achieved by the baseline. However, the difference in
the median scores between the best and the second and third best-ranked configurations (i.e. Self-
attention Layer and Layer Normalization + Self-attention Query, respectively) are less than 3%. The
maximum variance among scores for the 3 best-performing SPARSEFIT configurations is roughly
15%. Furthermore, it can be observed that for many very sparse fine-tuning configurations, the
accuracy score is close to or equal to zero. Even though the performance of a random model is 50%,
an accuracy of 0% is feasible in our scenario as the model could generate different words from the
ones expected as labels. In this regard, the accuracy scores of zero are a consequence of the fact
that, after the conditional generation, the model generates neither “offensive” nor “non-offensive” for
any sample in the validation set. Notice that this phenomenon is particularly happening when only a
small fraction of weights is fine-tuned.

For the ComVE dataset, we show in Figure 14 the accuracy for the 60 different train-validation
splits for different SPARSEFIT settings and model sizes. It can be seen that the best-performing
setting in terms of accuracy is the baseline for UNIFIEDQA-T5-1arge. (i.e. Self-attention Layer
and Layer Normalization + Self-attention Query fine-tuning are the second and third best per-
forming, respectively. Overall, the fine-tuning of the Normalization Layer leads to the worst
task performance. Moreover, it can be observed that the performance increases with the size of
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Figure 14: Distribution of the accuracy scores for different settings of SPARSEFIT for the ComVE
dataset. For each model, the variation represents the overall performance in each of the 60 train-
validation splits. The percentage of parameters fine-tuned for each setup is depicted in brackets below
the name of each configuration.

the model, thus UNIFIEDQA-T5-1arge always performs better than UNIFIEDQA-T5-base
for all the fine-tuning configurations. The smallest gap in performance between model sizes
(UNIFIEDQA-T5-large vs. UNIFIEDQA-T5-base) happens for the fine-tuning of the Dense
Layer. Conversely, the maximum spread in performance (i.e. the difference between the best and the
worst split) is around 21% for models trained using the UNIFIEDQA-T5-1arge architecture.

C.2 Explanation Generation Performance

?? shows the box-plot with the normalized BERTscores for different SPARSEFIT setups fine-tuned
on top of T5—-1arge. In addition to explained in the main text, it can be seen that combinations of
components lead to less variance in the score achieved for the 60 train-test splits (see the interquartile
range). Furthermore, Table 7 shows the performance summary for the downstream performance and
the NLEs quality for T5-3b. It can be observed that the Attention Value Layer achieves the best
performance on average. We highlight that SPARSEFIT outperforms the baseline (i.e. full fine-tuning)
for all datasets.

For e-SNLI, Figure 16 shows the normalized BERTscore over the 60 few-shot learning splits for
different SPARSEFIT configurations. Overall, for every sparse fine-tuning setting, the BERTscore
is consistently higher for the largest PLM (i.e. T5-1arge). However, the gap in performance is
smaller for the best-performing sparse fine-tuning configurations. For instance, the difference in the
average normalized BERTscore values between T5-1arge and T5-base for the best performing
SPARSEFIT (i.e., Decoder) is roughly 5% while for the worst performing configuration is around 68%.
The first five best-performing SPARSEFIT configurations for T5-1arge are Decoder, Baseline,
Self-attention KVQ, Layer Normalization + Self-attention Q, and Self-attention Values. Note that the
normalized BERTscore is zero for some sparse fine-tuning configurations (e.g., Layer Normalization).
This is mostly happening when the sparse fine-tuning is applied to small models (i.e., T5-base).
The fact that the BERTscore is zero for a given configuration for all the samples in a split implies that
the generated NLEs are always empty. We explore the reasons behind this phenomenon in Section 4.2

For the ECQA dataset, we show in Figure 17 the spread of the normalized BERTscore for all
SPARSEFIT configurations. Without exception, the largest model (T5-1arge) outperforms the
T5-base models for every setting. Remarkably, for ECQA, many sparse fine-tuning configurations
lead to the generation of empty explanations. Particularly, only the fine-tuning of the Baseline, the
Decoder, and the Encoder are able to consistently generate non-empty explanations no matter the size
of the model. Among the configurations that generate non-empty explanations, the best normalized
BERTscores are achieved by the Decoder sparse fine-tuning, followed by the Baseline and Encoder
Blocks fine-tuning. Note that for all of these configurations, the interquartile range is smaller than 6%
regardless of the model size. Moreover, the fine-tuning of Self-attention Query achieves competitive
results for T5—-1arge but zero BERTscore for T5-base.
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SPARSEFIT ComVE ECQA SBIC e-SNLI Avg
Baseline Acc. 62.48 +6.03 22.39 +3.61 63.55 +6.59 55.3 +a.08 50.93 5.3
(100.00%) nBERTSs 55.55 456 19.73 £3.22 61.21 +6.79 49.25 +a.36 46.44 1+4.99
Decoder Acc. 83.67 1012V 62.62 +4.16 V 65.59 +7.51 87.48 +4.02V  74.84 +6.45
(54.60%) nBERTs  74.66 +9.02V  55.31 +3.65 V 62.72 +7.66 7792 137V 67.65 +6.01
Encoder Acc. 73.14 £11.24 V. 46.23 +3.96 V 66.81 +6.43 70.34 +5.79 V. 64.13 +6.86
(40.95%) nBERTs  66.7 £10.28 V. 41.46 +3.56 V 64.45 +6.7 63.79 +528 V. 59.1 +6.46
Dense.wo Acc. 8391 4654 V  66.21 +3.12 V 66.64 +6.46 86.85 +3.0 V 75.9 +a.78
(27.29%) nBERTSs 76.1 t6.04 V 59.12 +2.76 V 63.87 +6.51 7824 1278 V. 69.33 ta52
Dense.wi Acc. 77.6 +6.63V 6212 +2.75 V 63.99 +7.4 8731 436 V. 72.76 +5.1
(27.29%) nBERTs  70.21 +6.04 V  55.12 1244 V 61.05 +7.43 78.24 1328V 66.16 +as
Attention KQV Acc. 81.73 £414V  50.24 1348V 6884 £537V 753 378V  69.03 +a.19
(20.47%) nBERTs  74.27 +384V 4479 £3.06 V.  66.12 +5.46 V  67.67 +3.36 V  63.21 +3.03
LM head + Attention.Q Acc. 82.59 +3.37 V. 54.28 4357 V 0.0 +0.0 79.33 42,04V 72.07 +3.20
(11.28%) nBERTs 75.2 3.0V 48.42 317V 0.0 +o0.0 71.52 +2.74 V. 65.05 +2.97
LM head Acc. 0.09 013V 6943 +1.58V 023 1022V 89.04 +163V  39.7 +0.96
(4.46%) nBERTSs 0.0 0.0 V 0.0 0.0 V 0.19 +0.18 V 0.0 0.0 V 0.05 +o0.04
LayerNorm + Attention.Q Acc. 83.27 1452V 54.13 1386 V  68.87 £a86 V. 79.16 £3.72V  71.36 +a.24
(6.84%) nBERTs  75.83 +414V 4831 4346V  65.86 4507V 71.27 £3.44V  65.32 +4.03
Attention.Q Acc. 83.09 +415 V' 54.39 1366 V  68.44 +4.44V  77.88 £3.66 V  70.95 +3.08
(6.82%) nBERTs  75.65 +3.76 V. 48.56 4324V 654 +468V  70.23 +3.41 V  64.96 +3.77
Attention.K Acc. 87.7 +3.83 V 68.74 +2.20 V 65.48 +6.26 87.8 +1.83V  77.43 1355
(6.82%) nBERTs  80.01 +352V  61.25 1207 V 62.41 +6.5 79.55 +162 V. 70.8 +£3.43
Attention.V Acc. 87.72 4316 V. 67.22 4214V 68.11 £510V  88.17 +2.38 V  77.81 +3.22
(6.82%) nBERTs  79.87 +2.92 V 60.12 1.9V 65.67 £500 V  79.63 1226 V. 71.32 135.04
LayerNorm Acc. 21.37 206 V. 68.71 180V 0.29 2027V 88.91 1.7V 44.82 +1.49
(0.02%) nBERTSs 0.0 0.0 V 0.0 0.0 V 0.24 1+0.22 V 0.0 0.0 V 0.06 +0.06

Table 7: Summary of best performing SPARSEFIT configurations for T5-3B. We report the average
and the standard deviation over the 60 few-shot train-validation splits for the accuracy metric and
the normalized BERTScore (nBERTS). In brackets are the percentages of fine-tuned weights for
each SPARSEFIT configuration. We show in bold the setting with the highest metric for each dataset.
Significance testing was assessed via mean t-test in comparison with the baseline: V represents a
p-value lower than 102

Figure 18 shows the normalized BERTscore results for the SBIC dataset. Recall that for the SBIC
dataset, we fine-tune the Uni fiedQA variant of TS. As expected, the model size contributes to better
performance. Consequently, the BERTscore is higher for the T5—-1arge model for every sparse fine-
tuning configuration. The best BERTscore median is achieved by the Baseline in combination with
the UNIFIEDQA-T5-1arge, with a metric value of ~ 68%. The second and third best-performing
setups are the Decoder and the Encoder, respectively. Moreover, the fine-tuning of layers such as the
Normalization Layer or Self-attention Layer results in the generation of text that does not contain the
explanation token “because”, thus the BERTscore is close to zero for those configurations.

We depict in Figure 19 the variation of the normalized BERTscore metric over the 60 different
train-validation splits for the SPARSEFIT configurations. Recall that for ComVE dataset, we fine-tune
the Uni fiedQA variant of T5. Overall, the BERTscore is substantially higher for T5-1arge. The
best BERTscore for T5—-1arge is obtained by the Baseline fine-tuning, with a median score of 75%
for the 60 different seeds. Similar behavior can be seen for T5-base, where Baseline is also the
setting with the best explanations (from the perspective of the automatic metric). The second and
third best sparse fine-tuning setups are the Self-attention Query and Baseline, respectively. Notice
that the difference in the median between the Baseline and the Encoder is around 3%. Moreover, the
variance among the different splits for a given sparse fine-tuning setting is on average higher than for
the Baseline. Remarkably, the sparse fine-tuning over the Normalization Layer was the only setting
that obtained a zero BERTscore for the ComVE dataset.

C.3 Other PEFT Baselines
In order to make our approach comparable in the number of parameters, we test LoRa [19] using

higher ranks. Table 8 shows the performance of LoRA for different rank sizes. Notice that average
performance, in terms of accuracy and NLE quality, do not increase when the rank is increased.
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Figure 15: Distribution of the normalized BERTScore for different SPARSEFIT settings of sparse
fine-tuning for T5-3b. The percentage of fine-tuned parameters is shown between brackets.
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Figure 16: Distribution of the normalized BERTscore for different settings of sparse fine-tuning
for the e-SNLI dataset. For each model, the box represents the overall performance over the 60

train-validation splits. The percentage of parameters fine-tuned for each setup is depicted in brackets
below the name of each configuration.

C.4 Explanations Shortcomings per Dataset

Given the diverse nature of the studied datasets, we perform an individual analysis for each dataset in
order to find the particular deficiencies and traits of the explanations by dataset. Figure 21 shows a set
of histograms with the assessment of the annotators on shortcomings for the e-SNLI dataset. It can
be seen that the Nonsensical category is consistently the most common no matter what fine-tuning
strategy was used. Below, the reader can find two examples of Nonsensical explanations generated
by the Baseline and the Decoder strategy, respectively.

In addition to this, Input Repetition is the second most common shortcoming for e-SNLI. A regular
pattern found in the generated explanations is the repetition of a sub-string of the hypothesis as the
predicted explanation, which happens for around 17% of the generated explanations. Below, the
reader can see an example of input repetition found in the e-SNLI dataset.

We depict in Figure 24 a set of histograms with the number of times that a shortcoming category
happens for different fine-tuning strategies for ECQA. Predominantly, Incomplete Explanation is the
main weakness of generated NLEs. Notice that for this dataset, the answers are not generally shared
by different samples (i.e., the possible labels for a sample are not always the same as in the other
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Figure 17: Distribution of the normalized BERT'score for different settings of sparse fine-tuning
for the ECQA dataset. For each model, the box represents the overall performance over the 60

train-validation splits. The percentage of parameters fine-tuned for each setup is depicted in brackets
below the name of each configuration.
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Figure 18: Distribution of the normalized BERTscore for different settings of sparse fine-tuning
for the SBIC dataset. For each model, the box represents the overall performance over the 60

train-validation splits. The percentage of parameters fine-tuned for each setup is depicted in brackets
below the name of each configuration.
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Figure 19: Distribution of the normalized BERTscore for different settings of sparse fine-tuning for
the ComVE dataset. The baseline model represents the work done by [32], where all the parameters
of the LM were fine-tuned. For each model, the box represents the overall performance over the 60

train-validation splits. The percentage of parameters fine-tuned for each setup is depicted in brackets
below the name of each configuration.

datasets). This causes the generated explanations to be vague and incomplete. Below, the reader
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PEFT Rank Percentage
Strategy ~ Size  Parameters ComVE ECQA SBIC e-SNLI Avg

8 0.32% Acc. 67.64 337 39.59 1382 63.42 £346 84.15 120 63.7 £3.16

nBERTs 61.24 £3.00  1.55 +1.26 6093 +3.45 76.41 £1.82  50.03 +2.4

16 0.63% Acc. 67.94 £34 3941 +358 63.26 +3.36 84.26 +1.88 63.72 +3.06
nBERTs 61.51 +3.11  1.44 1131 60.78 £349  76.5 x1.71 50.06 +2.41

32 1.26% Acc. 67.79 +3.75  39.74 £3.85  63.5 +3.28 84.27 +19  63.82 3.2
nBERTs 61.36 £3.43  1.36 +1.18  61.01 4336 76.51 £1.73  50.06 +2.43

64 2.49% Acc. 67.65 +3.77  43.44 1354  63.78 £3.15  84.25 £1.91  64.86 +3.11
nBERTs 61.31 +3.42  0.32 2040  61.10 £3.31  76.54 +1.73  50.01 +2.10

128 4.86% Acc. 67.77 +3.73  43.51 £357  63.57 £3.16  84.26 192  64.78 13.1
nBERTs 61.36 341 0.33 £0.a1  61.06 4320 76.49 £1.75 49.81 +2.22

LoRA

Table 8: Accuracy and NLE quality metrics for different rank sizes in LORA. We report the average
and the standard deviation over the 60 few-shot train-validation splits for the accuracy metric and the
normalized BERTScore (nBERTS).

Premise A poor family is leaving their home with only a few
belongings

Hypothesis A man eats a chalupa

Label Contradiction

Explanation A family consists of two or more people, not just one

Human Score

man.

Generated Explanation
“a man who eats a chalupa also has to be poor"
No

Reason Nonsensical

Premise A man in red pants skiing down a slope

Hypothesis An Olympic skier skiing.

Label Entailment

Explanation WE have no idea if the man is an olympic skier or not.

Human Score
Reason

Generated Explanation

“we don’t know what he is doing"
No

Nonsensical

Figure 20: Examples of Non-sensical NLEs generated for e-SNLI.

can see 3 examples of Incomplete Explanation generated by the Baseline, Decoder, and Encoder
fine-tuning strategy, respectively.

Figure 26 shows a set of histograms with the assessment done by the annotators about the most
common shortcomings. Different from other datasets, there is no singular shortcoming that dominates
the results for all the fine-tuning setups. The most common mistakes among all the explanations in
the dataset are: Inaccurate, Nonsensical, and Incomplete Explanation. Below, the reader can find an
example for the Incomplete Explanation shortcoming for the Decoder fine-tuning.

We have depicted in Figure 27 a series of histograms with the frequency of possible shortcomings
given by human annotators to the evaluated explanations. It can be seen that annotators consider that
the Lack of explanation, Nonsensical, and Incomplete Explanation are the most relevant categories to
explain the weaknesses of the generated explanations.
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attentionQ

Sparse Fine-Tuning Setting
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Figure 21: Histogram of the occurrences of the main shortcomings of the generated explanations for
the baseline and the two best performing sparse fine-tuning setup for the e-SNLI dataset.

Premise girl in uniform running through the water fountain gush-
ing water from the tiles

Hypothesis A girl is running through the water

Label Entailment

Explanation “If a water fountain is gushing water, that implies that
there is water, and therefore the girl is running through
water"

Generated Explanation

“a girl in uniform running through the water fountain."
Human Score No

Reason Input Repetition

Figure 22: Examples of Input-Repetition NLEs generated for e-SNLI.

C.5 Inter-annotator Agreement

We show in Figure 29 an example of perceptual disagreement where the annotators assigned the same
plausibility reason but a different score. Furthermore, Figure 30 shows an example of expectation
disagreement where human evaluators assigned a opposite score for the given explanation.
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Question
Choices
Label
Explanation

Human Score

Where is the ticket booth often outside the building?
train station — stadium — auditorium — subway
auditorium

Ticket booth of an auditorium is often outside the build-
ing

Generated Explanation

“auditorium is a large venue with lots of people. the
ticket booth is often outside the building"

Weak Yes

Reason Incomplete Explanation

Question What happens to the person that is well known for fre-
quent farting?

Choices social ostracism — evil — bad smell — stinking

Label social ostracism

Explanation Ticket booth of an auditorium is often outside the build-

Human Score
Reason

ing

Generated Explanation

“Social ostracism is act of ignoring and excluding in-
dividuals. Frequent farting can make you ignored by
people around you as frequent farting makes them un-
comfortable with you"

Weak Yes

Incomplete Explanation

Figure 23: Examples of Incomplete Explanation NLEs generated for ECQA.
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3 lack of explanation = true but uncorrelated  EEE empty
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Figure 24: Histogram of the occurrences of the main shortcomings of the generated explanations for
the baseline and the two best performing sparse fine-tuning setup for the ECQA dataset.
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Post The normie "vibe" argument is horseshit Anytime a
normie says that you give off misogynistic vibes even if
you don’t outright say "I hate women" they are lying.
Label Offensive

Explanation this post is a personal attack

Generated Explanation

“this post implies that women are inferior"
Human Score Weak No

Reason Incomplete Explanation

Figure 25: Examples of Incomplete Explanation NLEs generated for SBIC.
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Figure 26: Histogram of the occurrences of the most common explanation shortcomings for the
baseline and the two best performing sparse fine-tuning setup for the SBIC dataset.
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Figure 27: Histogram of the occurrences of the most common explanation shortcomings for the
baseline and the two best performing sparse fine-tuning setup for the ComVE dataset.
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Question What is the best way to release energy?

Choices yell — think — exercise — rest — work off
Label exercise
Explanation By doing exercise, one can release energy. The best way

of releasing energy is exercise.

Generated Explanation

“exercise releases energy. to release energy, one must
yell or yell loudly. to exercise, one must exercise vigor-
ously. to work off, one must work off the energy."

Annotator 1 | Annotator 2
Human Score No Weak Yes
Reason Hallucination Hallucination

Figure 28: Example of annotator expectation disagreement in our study for the ECQA dataset.

Question Teddy liked learning languages. He helped him with
what?

Choices problems — frustration — confidence — better commu-
nication — sadness

Label better communication

Explanation Better communication is defined as verbal speech or

other methods of relaying information that get a point
across. He helped him with better communication.

Generated Explanation
he helped him with better communication.

Annotator 1 | Annotator 2
Human Score Weak No Weak Yes
Reason Lack of Explanation Lack of Explanation

Figure 29: Example of annotator perceptual disagreement in our study for the ECQA dataset.
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Question
Choices
Label
Explanation

What is the best way to release energy?

yell — think — exercise — rest — work off

exercise

By doing exercise, one can release energy. The best way
of releasing energy is exercise.

Generated Explanation

“exercise releases energy. to release energy, one must
yell or yell loudly. to exercise, one must exercise vigor-
ously. to work off, one must work off the energy."

Annotator 1 | Annotator 2
Human Score No Weak Yes
Reason Hallucination Hallucination

Figure 30: Example of annotator expectation disagreement in our study for the ECQA dataset.
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