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Abstract

Fine-tuning large language models (LLMs) for
sentiment polarity regression often suffers from
severe data distribution imbalance. Financial
texts typically concentrate in the neutral range,
leaving extreme sentiments underrepresented,
yet traditional techniques offer limited remedy
since such extremes are inherently rare. We
introduce an auxiliary classification task to pro-
vide complementary supervision, but this multi-
task formulation faces two challenges: (1) sen-
timent group construction for the classification
task, and (2) gradient conflicts between tasks
that fixed weights cannot resolve. These chal-
lenges are coupled: improper group boundaries
yield biased gradients, which amplify task con-
flicts. We propose the DRNash framework as
a unified solution to jointly address both chal-
lenges and the underlying data distribution im-
balance, including Distributionally Robust Op-
timization (DRO) and Nash Task Coordinator
(NTC). DRO partitions the sentiment space into
quantile-based groups and performs worst-case
aggregation over group losses, automatically as-
signing higher weights to underperforming sen-
timent regions. NTC formulates task weighting
as a Nash bargaining game, deriving closed-
form weights that achieve scale-invariant bal-
ancing. Experiments demonstrate that DRNash
achieves average improvements of 14.1% in
MSE and 1.92% in accuracy (ACC) across mul-
tiple financial datasets, with cross-domain ex-
periments confirming generalizability beyond
financial texts.

1 Introduction

Sentiment analysis is crucial across domains from
business intelligence to financial forecasting (Sar-
avanos and Kanavos, 2025; Ding et al., 2024c;
Bouteska et al., 2024). Fine-tuning LLMs for sen-
timent polarity regression has become a dominant
paradigm in financial text analysis (Figure 1A).
However, we observed severe performance degra-
dation when fine-tuning LLMs on financial datasets
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Figure 1: Comparison between traditional single-task
approach (A) and our DRNash framework for multi-task
learning (B). Our framework introduces an auxiliary
classification task and achieves improved performance.

due to data distribution imbalance. Financial texts
typically exhibit heavy concentration in the neu-
tral range while extreme sentiments remain under-
represented (Du et al., 2024; Davidovic and Mc-
Cleary, 2025), causing models to develop strong
bias toward over-represented regions (Mujahid
et al., 2024; Nassr et al., 2025). This is particularly
problematic as extreme sentiments often signal mar-
ket turning points and carry actionable information
for risk management (Song, 2024; Nguyen and
Nguyen, 2024; Zou and Herremans, 2023).

Traditional approaches to address data distri-
bution imbalance include data augmentation tech-
niques (Wang et al., 2026; Assuncio et al., 2024)
and cost-sensitive learning methods (Araf et al.,
2024; Xiao et al., 2025). However, these methods
face fundamental limitations in sentiment regres-
sion. Data augmentation may introduce artificial
patterns that deviate from authentic financial dis-
course (Gao et al., 2025; Schaudt et al., 2023), and
more critically, extreme sentiments are inherently
rare in real-world distributions, so artificially repli-
cating them risks overfitting rather than genuine
generalization. Cost-sensitive methods require ex-
tensive hyperparameter tuning and lack adaptability
to the continuous nature of sentiment scores (Khan
et al., 2018; Edsa et al., 2025).
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We introduce an auxiliary classification task that
provides complementary supervision (Cai et al.,
2025; Yao et al., 2023), helping models better
capture sentiment boundaries across the spectrum.
Prior work has shown that jointly modeling related
tasks improves representation learning (Lai et al.,
2026; Yang et al., 2021). However, this multi-task
formulation introduces two coupled challenges (1)
how to partition the continuous sentiment space
into meaningful groups for classification, and (2)
inherent gradient conflicts between regression and
classification objectives that fixed task weights can-
not resolve (Chen and Er, 2025; Wang et al., 2021).
These challenges are coupled: inappropriate group
boundaries cause biased gradient estimates, which
in turn exacerbates task conflicts.

We propose the DRNash framework as a unified
solution to jointly address both challenges and the
underlying data distribution imbalance (Figure 1B).
DRNash comprises two components: DRO con-
structs quantile-based sentiment groups and per-
forms worst-case aggregation to emphasize under-
performing regions, while NTC derives dynamic
task weights via the Nash bargaining solution. The
key insight is that DRO ensures balanced gradient
contributions from each sentiment region, while
NTC’s scale-invariant weighting resolves magni-
tude discrepancies via Nash bargaining (Navon
et al., 2022). The bargaining formulation admits
a closed-form solution under which the two tasks
contribute gradients of equal magnitude, so the
balance holds even when regression MSE and clas-
sification cross-entropy differ by orders of magni-
tude. Together, they break the coupling cycle that
undermines conventional approaches. The main
contributions of this paper are as follows:

* We identify two coupled challenges when
fine-tuning LLMs for sentiment polarity re-
gression: (1) data distribution imbalance bi-
ases models toward over-represented neutral
regions, and (2) gradient conflicts between
regression and classification objectives that
fixed task weights cannot resolve. These chal-
lenges are coupled: improper group construc-
tion yields biased gradients, which amplify
task conflicts.

* We propose the DRNash framework as a uni-
fied solution to jointly address both challenges
and the underlying data distribution imbal-
ance, comprising DRO for balanced optimiza-
tion via worst-case aggregation and NTC for

(B) Test Set Distribution

(A) Training Set Distribution

(C) LLM Prediction Distribution on Test Set (D) Distribution Comparis

Sentiment Polarity Score

Figure 2: Data distribution analysis: (A) Training set,
(B) Test set, (C) Fine-tuned LLM predictions on the test
set, and (D) Comparative analysis. More Details are
provided in Appendix A.1.
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Figure 3: Effect of different task weights on MSE and
ACC in multi-task learning, compared with the perfor-
mance of our proposed DRNash framework.

scale-invariant task balancing via Nash bar-
gaining.

* Experiments on multiple financial datasets
demonstrate that DRNash achieves average
improvements of 14.1% in MSE and 1.92%
in ACC compared with previous work. Cross-
domain experiments further confirm general-
izability beyond financial texts.

2 Motivation

In this section, we introduce data-level and task-
level challenges, and the coupling between them.
Data-Level Challenge: Distribution Bias Ampli-
fication. Figure 2 reveals a critical phenomenon:
fine-tuned LLMs do not merely inherit the train-
ing distribution bias, but amplify it. Comparing
panels (A)-(C), while training data concentrates
around neutral sentiments, the model’s predictions
(C) exhibit an even sharper peak near zero with
severely attenuated tails. Panel (D) quantifies this
amplification: the training and test distributions
nearly coincide, while the prediction distribution
departs from both. This bias amplification is partic-
ularly problematic for financial applications where
extreme sentiments often carry the most actionable
information.
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Figure 4: DRNash framework, comprising (Middle) distributionally robust optimization and (Right) Nash task
coordinator, can be seamlessly integrated into (Left) multi-task learning architectures (Details in Appendix A.4).

Task-Level Challenge: Inherent Task Conflict.
To address distribution bias, a natural solution is
multi-task learning with an auxiliary classification
task. However, Figure 3 reveals a fundamental ob-
stacle: no fixed weight configuration can simulta-
neously optimize both tasks. The performance sur-
face is non-convex with respect to task weights, and
the optimal weight for MSE differs from that for
ACC. This is not merely a hyperparameter tuning
problem but reflects an inherent conflict between
regression and classification gradients during opti-
mization (More details in Appendix A.2).
Coupling Between Challenges. These challenges
are coupled: distribution bias causes neutral sam-
ples to dominate gradient estimates, making gradi-
ent magnitudes unreliable for task balancing and
further amplifying conflicts. More detailed analy-
sis is provided in Appendix A.3. This motivates
us to model task weighting as a Nash bargaining
game (Navon et al., 2022), where the two tasks ne-
gotiate over a shared parameter update rather than
competing through fixed coefficients, enabling prin-
cipled scale-invariant balancing without manual
calibration.

3 Method

In this section, we present problem formulation and
DRNash framework, which comprises distribution-
ally robust optimization, Nash task coordinator and
end-to-end integration with LoRA.

3.1 Problem Formulation

To address the challenges identified in Section 2,
we formulate a multi-task optimization problem:
L t (f 0 ) 9

min £(0) = E oy
0 —~— ~——
te{r.c} how to balance ywhat to optimize
(task-level) (data-level)

(1
where fy denotes the LLM backbone with trainable
parameters 0, and ¢ € {r, ¢} indexes the regression

and classification tasks. L;(fp) ensures balanced
optimization across the sentiment spectrum, ad-
dressing the data-level challenge; a; dynamically
balances task contributions based on gradient infor-
mation, addressing the task-level challenge.

3.2 DRNash Framework

To solve Eq. (1), we propose DRNash as illustrated
in Figure 4, a unified framework that jointly ad-
dresses both challenges: DRO for the data-level
distribution bias and NTC for the task-level gradi-
ent conflicts. DRNash builds upon a multi-task ar-
chitecture (More details are provided in Appendix
A.4.), consisting of three components: a LLM back-
bone fy, a regression head h, predicting contin-
uous sentiment scores § € [—1,1], and a clas-
sification head h. predicting discrete categories
¢ €{1,..., K}. The regression head serves as the
primary task, while the classification head provides
complementary supervision that helps capture sen-
timent boundaries across the spectrum.

3.3 Distributionally Robust Optimization

DRO addresses the data-level challenge identified
in Section 2 by instantiating L;(fy) in Eq. (1) to
ensure balanced optimization across the sentiment
spectrum. As illustrated in Figure 4 (Middle), sen-
timent groups are first constructed to partition the
label space, then batch-wise group losses are com-
puted during training, and finally worst-case aggre-
gation is performed to emphasize underperforming
regions (More details in Appendix A.5).

Sentiment Group Construction. Let D =
{(zi,y:)}, denote a sentiment dataset, where z;
is the input text and y; € [—1, 1] is the continuous
sentiment polarity. Before training, the sentiment
space is partitioned into K discrete groups based on
quantile boundaries. Let 7, = Q/rc ({yi}Y,) de-
note the k/ K -quantile of training sentiment scores.
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The k-th sentiment group is defined as:

Gr ={(i, i) : i1 <yi <71} (2)

where k =1,...,K, 79 = —1, and 7 = 1 (with
(G1 extended to include y; = 79, so every sample
receives a group). Each sample is assigned a group
label ¢; € {1,..., K} indicating which group it
belongs to. This quantile-based construction en-
sures approximately equal sample counts per group
(|G| = N/K). Equal group sizes follow from
quantile partitioning itself rather than from any as-
sumption about the data: since the k/K-quantile
is the value below which a k/K fraction of the
scores falls, |G| ~ N/K holds however skewed
the distribution is, and what adapts to the skew is
the width of each interval. On INV, roughly 50% of
samples lie in [—0.2, 0.2] while the extreme regions
(ly| > 0.5) account for only 11.5%, so the bound-
aries assign narrow intervals to the dense neutral
region and wide ones to the sparse tails. Fixed-
threshold grouping instead places most samples
in a single neutral group and leaves the extreme
groups nearly empty. For the classification task,
the group label c; serves as the ground truth, trans-
forming sentiment classification into predicting the
intensity region of the input text. More details are
provided in Appendix A.6.

Batch-wise Group Loss. During training, for
each mini-batch B, DRO computes the average
loss within each sentiment group. Let By =
{(z,y,c) € B: ¢ =k} denote samples in batch B
belonging to group Gy, and let K = {k : |By| >
0} denote the set of groups present in the current
batch. For regression, the group loss is the mean
squared error (MSE):

1

LW (9;B) = A
(

> (helfolx) — )™

z,y,c)EBy,
(3)

For classification, the group loss is the cross-
entropy (CE):

1

L&) (0;B) = TA
k

> CE(he(fo(x)), ).
(z,y,c)EB,
4)

Worst-case Aggregation. Instead of uniform av-
eraging, group losses are aggregated using worst-
case weighting. Let § = |Gg|/N denote the pro-
portion of group k in the full training set. Since
quantile-based boundaries ensure |G| ~ N/K,

this yields ¢, ~ 1/K. The DRO loss is defined as:

Li(foiB) = ~tog | 3 drexp(nL(0:8)) |
keKg

&)
where 17 > 0 controls the robustness level. This
formulation corresponds to the worst-case expecta-
tion over distributions within a KL-divergence ball
around the empirical distribution (See Appendix
A.7). The optimal worst-case weights take the
form:

g o< dr exp(nLi?(6; B)), ©)

which assigns exponentially larger weights to
groups with higher losses, automatically empha-
sizing underperforming sentiment regions. When
n — 0, Eq. (5) recovers the standard weighted av-
erage; when 17 — oo, it approaches the maximum
group loss (See Appendix A.7). The summation
is restricted to groups present in the current batch
(Kn), which is standard practice in group DRO
as absent groups do not contribute to the current
gradient (Sagawa et al., 2020).

Eq. (5) instantiates L;(fy) in Eq. (1) for both
regression (¢t = r) and classification (¢ = c) tasks,
ensuring balanced optimization across the senti-
ment spectrum without manual threshold tuning.

3.4 Nash Task Coordinator

NTC addresses the task-level challenge identified
in Section 2 by computing oy in Eq. (1) to dynami-
cally balance task contributions. As illustrated in
Figure 4 (Right), task gradients are first computed
from DRO losses, then a bargaining game is formu-
lated where tasks negotiate over parameter updates,
the Nash bargaining solution is solved, and finally
closed-form task weights are derived. More details
are provided in Appendix A.8.

Task Gradient Computation. At each step, after
computing DRO losses L, (fg; B) and L.(fg; B)
via Eq. (5), we obtain task-specific gradients:

gt = VoLi(fo; B) ROt e {rc}, (D

where |6 is the number of trainable parameters.

Bargaining Game Formulation. A naive ap-
proach would be to sum task gradients with fixed
or heuristically-tuned weights. However, such ap-
proaches suffer from scale sensitivity, as regression
MSE and classification CE have different magni-
tudes. NTC instead models tasks as rational players
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Figure 5: LoRA integration in Transformer blocks.

negotiating over the shared parameter update Af.
Each task’s utility is the resulting loss reduction:

ug(A0) = —g, AB. ®)

Positive utility indicates improvement while nega-
tive indicates degradation. The disagreement point
(0, 0) represents no update, which both tasks prefer
to avoid.

Nash Bargaining Solution. The Nash bargaining
solution maximizes the product of utility gains:

[T (-o'26). ©

te{r,c}

A9* = arg

max
[Ad]<1

where ||Af|| < 1 constrains the update magnitude.
A key property is scale invariance (Navon et al.,
2022): rescaling either loss leaves the two weighted
gradient contributions equal in magnitude, so the
balance between regression MSE and classifica-
tion CE is preserved without manual calibration
(Details in Appendix A.9).

Computing Task Weights. The solution takes
the form A6* o — ), afg;. Following Navon
et al. (2022), in high-dimensional parameter spaces
where task gradients are approximately orthogonal,
the Nash solution simplifies to inverse gradient
magnitude weighting. For regression:

gell + €
oy = ; (10)
" llgrll + llgell + 2
and similarly for classification:
lgrll + €
Qe = ; (11
Mgl + llgell + 2¢

where € > (0 ensures numerical stability. This as-
signs smaller weights to tasks with larger gradients,
balancing their contributions.

Eq. (10) and Eq. (11) instantiate «; in Eq. (1),
dynamically adapting task weights based on gradi-
ent information at each training step.

Benchmark Model Task

Bl RoBERTa-Large (Liu et al., 2019) Regression
B2 Twitter-RoBERTa-Large (Loureiro et al., 2023) | Regression
B3 Twitter-RoBERTa-Large (Loureiro et al., 2023) | Multi-task (Constant Weight)

B4-DRNash Twitter-RoBERTa-Large (Loureiro et al., 2023) | Multi-task (DRO + NTC)
B5-DRNash TinyLlama-1.1B (Zhang et al., 2024) Multi-task (DRO + NTC)
B6-DRNash Qwen2-0.5B (Yang et al., 2024) Multi-task (DRO + NTC)
B7-DRNash+LoRA | Twitter-RoBERTa-Large (Loureiro et al., 2023) | Multi-task (DRO + NTC)
B8-DRNash+LoRA | TinyLlama-1.1B (Zhang et al., 2024) Multi-task (DRO + NTC)
B9-DRNash+LoRA | Qwen2-0.5B (Yang et al., 2024) Multi-task (DRO + NTC)

Table 1: Benchmark models and experimental settings.

3.5 End-to-End Integration with LoRA

End-to-End Training. DRNash integrates DRO
and NTC into a unified end-to-end training pipeline,
as illustrated in Figure 4. At each iteration, in-
put text is processed by the language model back-
bone and task heads to obtain predictions. DRO
computes robust task losses via worst-case aggre-
gation over sentiment groups, and NTC derives
adaptive task weights from gradient magnitudes.
The weighted gradients then update the backbone
parameters, forming a closed loop that iteratively
addresses both data-level and task-level challenges.

LoRA for Efficient Fine-tuning. LoRA (Hu
et al., 2022) is integrated for parameter-efficient
fine-tuning as shown in Figure 5. LoRA introduces
rank-r matrices U € R¥" and V € R™? into
transformer blocks:

W =W +UV, (12)
where pretrained weights W remain frozen, signifi-
cantly reducing the number of trainable parameters
(Complexity analysis in Appendix A.10).

4 Experiments

4.1 Implementation Details

Software and Hardware. We use Ubuntu 22.04,
Python 3.9.19, PyTorch 2.3.1, PEFT 0.12.0, and
CUDA 12.4, running on a system with 64GB RAM
and NVIDIA A100 GPUs with 80GB VRAM.
Benchmark. Table 1 summarizes our benchmarks:
three baselines (B1-B3), three DRNash configura-
tions (B4-B6), and three DRNash+LoRA variants
(B7-B9). Details are provided in Appendix A.11.
Evaluation Metrics. Regression metrics include
MSE, MAE, RMSE and RZ; classification metrics
include ACC, weighted Precision (Prec.) and F1.
We also measure Time Usage (relative training time
to reach full fine-tuning’s best MSE, where <100%
indicates acceleration). | denotes lower is better; 1
denotes higher is better. Details in Appendix A.12.
Dataset. We use three financial text datasets: NEU,
FXE, and INV (Details in Appendix A.13), con-
taining news and analysis on EUR/USD exchange
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rates. For cross-domain evaluation, we additionally
use SemEval-2017 Task 5 (Cortis et al., 2017) for
stock sentiment, SemEval-2018 Task 1 V-reg (Mo-
hammad et al., 2018) for Twitter valence, and
EmoBank (Buechel and Hahn, 2017) for multi-
genre text (Details in Appendix A.19). These
datasets are randomly split into training and valida-
tion sets with a 9:1 ratio.

Hyperparameters. We use batch size 32, max
sequence length 512, and train for 100 epochs with
AdamW optimizer (learning rate 1 x 107°), cosine
decay and 100 warmup steps. For DRO, K = 5
groups and 7 = 1.0; for NTC, ¢ = 1078, LoRA
ranks range from 128 to 512 with alpha equal to
rank and dropout 0.05. Random seeds are fixed at
42 for reproducibility. More details are provided in
Appendix A.14.

4.2 Main Results

Unified Framework Effectiveness. Table 2 com-
pares constant weight multi-task learning with
our DRNash framework across three architectures
spanning different paradigms (encoder-only vs.
decoder-only) and scales (355M to 1.1B param-
eters). Across all configurations, DRNash achieves
consistent improvements: 14.1% average MSE re-
duction and 1.92% ACC gain. Twitter-RoBERTa-
Large shows the largest MSE reduction (17.2% to
19.0%), while TinyLlama 1.1B achieves the best
absolute performance.

These results validate that DRNash effectively
decouples the data-level and task-level challenges.
By jointly optimizing group-wise robustness and
task balancing, DRNash breaks the vicious cycle
where distribution bias amplifies gradient conflicts.
The consistent gains across architecturally diverse
models, from encoder-based RoBERTa to decoder-
based LLMs, confirm that our framework addresses
fundamental optimization challenges inherent to
imbalanced sentiment regression. More details are
provided in Appendix A.15.

Effectiveness of Auxiliary Classification Task.
The upper section of Table 3 (gray rows) vali-
dates the effectiveness of auxiliary classification
by comparing single-task regression with constant
weight MTL. The auxiliary task partitions the sen-
timent space [—1, 1] into five equal-width intervals,
and jointly optimizes with regression using fixed
weights (w, = 0.9, w. = 0.1).

As shown in Table 3, introducing auxiliary clas-
sification achieves consistent MSE reductions of

Constant Weight DRNash
Model Dataset ‘ onstant Yvelg ‘ as
| MSEL  ACCT | MSE|,  Acct

NEU 00231 7589 | 00187  77.34

Twitter

ROBERTa-Large  FXE 00244 7512 | 00202 7678
INV 00222 7656 | 00183  78.09
NEU 00247 7489 | 00214 7658

Qwen 0.5B FXE 00252 7467 | 00227  75.86
INV 00241 7518 | 00209 7681
NEU 00204 7689 | 00179 7821

TinyLlama

B FXE 00215 7623 | 00187  77.69
INV 00196 7734 | 00174 7849

Table 2: Performance comparison between constant
weight and DRNash framework. Pink: best results.

3.0% to 4.0% and R? gains of 0.7 to 1.1 absolute
points across all configurations. Although these
gains are modest, they confirm that auxiliary clas-
sification provides complementary supervision that
enhances sentiment boundary learning, establish-
ing multi-task formulation as an effective founda-
tion for our DRNash framework. More details can
be found in Appendix A.16.

Comparison with Traditional Imbalanced
Learning Methods. The middle section of Ta-
ble 3 evaluates whether traditional imbalanced
learning methods can effectively address data distri-
bution imbalance. We compare four representative
approaches: LDS applies kernel density smooth-
ing to re-weight samples; Balanced MSE uses a
contrastive loss formulation; Focal-R adapts Fo-
cal Loss by down-weighting easy samples; and
SMOGN generates synthetic samples for data aug-
mentation. Blue cells indicate cases where tradi-
tional methods outperform constant weight MTL.
More details can be found in Appendix A.17.

The results reveal two critical limitations of tra-
ditional methods. First, they exhibit severe dataset-
dependent variance: LDS improves on NEU but de-
grades on FXE, whereas Balanced MSE degrades
on both and improves only on INV. Second, sev-
eral configurations perform worse than Single Task
baseline, indicating that these methods can be harm-
ful rather than helpful. SMOGN produces the worst
results with 13.3% to 35.7% MSE increase, con-
firming that synthetic oversampling introduces arti-
ficial patterns. These findings suggest that address-
ing data distribution imbalance through sample re-
weighting or augmentation alone is insufficient for
sentiment regression tasks.

Efficient Fine-tuning with LoRA Integration.
Table 4 evaluates LoRA integration with our DR-
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Method Model ‘ NEU ‘ FXE ‘ INV
| MSE, MAE] Rt | MSE, MAE] Rt | MSE, MAE] R
Twitter-RoBERTa-Large 0.0239  0.1103 7268 | 00253 0.1136 7226 | 0.0230 0.1082  73.66
Single Task Qwen 0.5B 0.0256  0.1141 70.80 | 0.0262  0.1155 7042 | 0.0249 0.1125  71.83
TinyLlama 1.1B 0.0211  0.1036 7591 0.0224  0.1067 7554 | 0.0202 0.1014  76.82
Twitter-RoBERTa-Large 0.0231  0.1085 7356 | 0.0244 0.1114 7332 | 00222 01063  74.50
Constant Weight MTL  Qwen 0.5B 0.0247  0.1121  71.84 | 0.0252 0.1133  71.50 | 0.0241 01107  72.67
TinyLlama 1.1B 0.0204  0.1019 7672 | 0.0215 0.1046 7647 | 00196 0.0998  77.53
LDS Twitter-RoBERTa-Large 0.0218  0.1053 7507 | 0.0261  0.1152 7142 | 00221 01059  74.69
(Yang et al., 2021) Qwen 0.5B 0.0236  0.1095  73.04 | 0.0279 0.1189 6852 | 00242 0.1108 7253
TinyLlama 1.1B 0.0191  0.0985 7821 0.0234  0.1091 7438 | 0.0195 0.0994  77.68
Balanced MSE Twitter-RoBERTa-Large 0.0253  0.1134  71.06 | 00248 0.1122  72.87 | 00219 0.1055  74.90
(]{‘ei“ecfal. 2022) Qwen 0.5B 0.0274  0.1180 6871 | 0.0259 0.1148  70.76 | 0.0238  0.1100  72.96
TinyLlama 1.1B 0.0225  0.1069 7431 0.0218  0.1053  76.12 | 0.0192  0.0988  78.04
Focal R Twitter-RoBERTa-Large 0.0242  0.1109 7234 | 00291 0.1216  68.14 | 00228 0.1076  73.85
(ffndét al., 2017; Yang et al. Q81 -5B 0.0259  0.1147 7041 0.0312  0.1259 6479 | 0.0248 0.1122  71.67
’ ’ TinyLlama 1.1B 0.0213  0.1041 75.68 | 0.0263  0.1156 7121 0.0199  0.1006  77.18
SMOGN Twitter-RoBERTa-Large 0.0285  0.1204 6742 | 0.0317 0.1269 6528 | 00252 0.1132  71.08
(Branco et al., 2017) Qwen 0.5B 0.0311  0.1257 6447 | 0.0342 0.1318 6141 0.0273  0.1177  68.87
’ TinyLlama 1.1B 0.0256  0.1141 7074 | 0.0286  0.1206  68.68 | 0.0223  0.1065  74.38
Twitter-RoBERTa-Large 0.0187  0.0978 7850 | 0.0202 0.1015  77.82 | 0.0183  0.0965  79.00
DRNash (Ours) Qwen 0.5B 0.0214  0.1044 7553 | 00227 0.1074 7445 | 00209 0.1031  76.14
TinyLlama 1.1B 0.0179  0.0954  79.55 | 0.0187  0.0976  79.60 | 0.0174  0.0941 80.05

Table 3: Performance comparison across single-task regression, constant weight MTL, traditional imbalanced
learning methods, and DRNash. Gray: baselines; Blue: imbalanced-learning methods beating constant weight

MTL,; Pink: best overall.

\ Rank = 128 \ Rank = 256 \ Rank = 384 \ Rank = 512
Model Dataset

| MSE|  AcCt Time| | MSE|  ACCt Time, | MSE|  ACCt Time|, | MSE|  ACCt Time
Twitt NEU 0.0190  77.12  95.62% | 0.0187 7745 78.12% | 00186 7748  50.38% | 0.0185 77.64  34.16%
RZEEﬁTa-Large FXE 0.0206 76.45  119.24% | 0.0202 76.82  103.46% | 0.0200  76.95 67.20% | 0.0197 7125 45.59%
INV 0.0186 7782 97.46% | 0.0184 7808  79.08% | 0.0182 78.31 51.83% | 0.0180 7846  34.53%
NEU 0.0218 76.28 94.37% | 00214 7678  75.88% | 0.0213 7692 67.95% | 0.0212 77.11 42.60%
Qwen 0.5B FXE 0.0231 7552 124.42% | 0.0227 7591 107.04% | 0.0225 7608  91.62% | 0.0223 7635  60.90%
INV 0.0213 76.48 90.24% | 0.0209 7702 74.26% | 0.0208 77.15 66.95% | 0.0206 7742 42.13%
TinyLlama NEU 0.0182 77.89  104.53% | 0.0180 7825 85.06% | 0.0178 78.48 80.81% | 0.0176 78.71 56.76%
1 1% FXE 0.0191 7735 130.19% | 0.0189 7772 114.70% | 0.0187 78.02  108.30% | 0.0186 7828  76.68%
' INV 0.0177 7818  112.12% | 0.0175 7852 90.93% | 0.0173 78.72 87.92% | 0.0171 7897  61.32%

Table 4: LoRA integration with our DRNash framework: performance across different ranks. Time (%) denotes the
relative training time to reach equivalent performance compared to full fine-tuning (DRNash without LoRA), where
<100% indicates faster convergence. More detailed analysis is provided in Appendix A.18.

Nash framework across four rank configurations.
The results demonstrate that LoRA can be seam-
lessly integrated into DRNash as a parameter-
efficient fine-tuning (PEFT) strategy. As rank in-
creases from 128 to 512, MSE decreases by 2.6%
to 4.4%, ACC improves by 0.5 to 0.9 absolute
points, and training time reduces to 34.16% to
76.68% of full fine-tuning. Higher ranks enable
LoRA to capture more task-relevant information
while maintaining computational efficiency. No-
tably, at Rank=512, DRNash+LoRA surpasses full
fine-tuning performance while reducing training
time by approximately 50%.

Scaling to Larger Backbones. The backbones
above range from 355M to 1.1B parameters. To
verify that DRNash remains effective as backbone
capacity grows, Table 5 reports full fine-tuning with
three larger LLMs: Gemma-2-2B (Gemma Team,

Backbone Data MSE| RMSE| ACC+t
NEU 0.0174 0.1319  78.41
Gemma-2-2B  FXE 0.0183 0.1353  77.84
INV  0.0168 0.1296  78.71
NEU 0.0170 0.1304  78.56
Llama-3.2-3B FXE 0.0178 0.1334  78.06
INV  0.0165 0.1285  78.74
NEU 0.0163 0.1277 78.86
Qwen2.5-7B  FXE 0.0171 0.1308 78.21
INV  0.0158 0.1257  79.07

Table 5: DRNash with larger backbones under full fine-
tuning. All three surpass the 1.1B configuration (BS)
on all nine model-dataset pairs, with MSE decreasing
monotonically as capacity grows.

2024), Llama-3.2-3B (Grattafiori et al., 2024) and
Qwen2.5-7B (Qwen Team, 2024). All three surpass
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the 1.1B configuration B5 on every dataset, and
MSE decreases monotonically as capacity grows
(0.0174 — 0.0163 on NEU). DRNash therefore
continues to benefit from additional backbone ca-
pacity.

Comparison with an Ordinal Baseline. Be-
cause sentiment intensity is ordinal, we also com-
pare against CORAL (Cao et al., 2020), replac-
ing the cross-entropy auxiliary head with a rank-
consistent ordinal loss while keeping all else iden-
tical to Constant Weight MTL. CORAL yields
a consistent 2.0-3.0% MSE reduction over Con-
stant Weight MTL across all nine configurations
(e.g. 0.0224 on NEU with Twitter-RoBERTa-Large,
0.0199 with TinyLlama-1.1B), confirming that ex-
ploiting ordinal structure helps. It nevertheless
remains well behind DRNash, indicating that our
gains come from group-wise worst-case aggrega-
tion and scale-invariant task balancing rather than
ordinal supervision alone. Label distribution learn-
ing (Geng, 2016) does not apply here, as it requires
a full label distribution per instance whereas our
datasets provide single-point scores.

Cross-Domain Generalization. To address
whether DRNash generalizes beyond our specific
financial datasets, we evaluate on three additional
benchmarks: SemEval-2017 Task 5 for stock
sentiment, SemEval-2018 Task 1 V-reg for Twitter
valence intensity, and EmoBank for multi-genre
text. As shown in Appendix A.19 (due to page
limits), DRNash achieves consistent performance
across all domains, with average MSE of 0.0199
and ACC of 76.94%. These results confirm that
our framework is domain-agnostic and applicable
to general sentiment polarity regression tasks.

Pre-training Bias Analysis. The comparison
between RoBERTa-Large and Twitter-RoBERTa-
Large (Table shown in Appendix A.20 due to page
limits) reveals that models inherit distributional
biases from their pre-training corpora. Twitter-
RoBERTa-Large achieves lower MSE across all
datasets due to its exposure to social media text
during pre-training. This observation motivates our
use of DRO to mitigate the impact of such biases
on sentiment regression performance.

4.3 Ablation Studies

Component Ablation Study. To validate the
contributions of each component in DRNash, we
conduct ablation experiments with four configu-

rations: Single Task regression, Constant Weight
MTL (fixed w, = 0.9, w, = 0.1), MTL with DRO
only (adding worst-case aggregation with re-tuned
fixed weights to account for DRO’s transformed
loss landscape), and MTL with NTC only (replac-
ing fixed weights with Nash bargaining while using
standard loss averaging). As shown in Figure 6(A),
both DRO and NTC independently improve per-
formance; averaged over the three datasets, DRO
provides 8.8% MSE reduction and NTC 5.6%.
DRO contributes more because it addresses the root
cause (data-level distributional bias) rather than its
downstream effect (task-level gradient conflicts).
Notably, DRNash achieves 17.9% average MSE
reduction, exceeding the sum of individual contri-
butions (14.4%) and demonstrating synergistic ef-
fects where DRO’s balanced gradients enable more
effective Nash bargaining. Details are provided in
Appendix A.21.

Sensitivity to Group Number K. Figure 6(B)
investigates how the number of sentiment groups
K affects DRO performance. Both K = 3 and
K = 7 degrade performance compared to the op-
timal K = 5, but through different mechanisms:
K = 3 causes 8.2% to 10.4% MSE degradation
due to insufficient granularity, while K = 7 causes
3.8% to 8.4% degradation due to sample sparsity.
Notably, all configurations remain superior to Con-
stant Weight MTL, confirming that DRO provides
value even with suboptimal group settings. More
details are provided in Appendix A.22.

Sensitivity to Batch Size. Figure 6(C) reveals
that small batch sizes catastrophically degrade
DRO performance due to unreliable group cov-
erage and noisy loss estimates. At B = 8§, per-
formance degrades by 41.5% to 60.4% relative to
optimal and becomes significantly worse than Sin-
gle Task baseline (12.6% to 28.1% degradation),
demonstrating that DRO with unreliable estimates
is more harmful than no robustness at all. Even at
B = 12, all datasets remain below Single Task per-
formance. Performance stabilizes around B = 32,
with marginal gains (<1.5%) beyond. More details
are provided in Appendix A.23.

Sensitivity to Robustness Parameter 7. Fig-
ure 6(D) reveals a U-shaped performance curve
with notable asymmetry. When 7 is too small
(n < 0.5), DRO approaches standard averag-
ing with 6.3% to 14.4% average MSE degrada-
tion. When 7 is too large, over-compensation
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Figure 6: Ablation studies using Twitter-RoBERTa-Large on INV dataset. (A) Component Ablation. (B) Sensitivity
to K. (C) Sensitivity to Batch Size. (D) Sensitivity to Robustness Parameter 7). Percentages in the text are aggregated
over the three datasets; per-panel values are in Appendix A.21-A.25.

Region Range Freq. CW DRNash AMSE

(%) MSE MSE (%)
R1 Strong Neg.  [—1.00, —0.30) 14.5 0.0356 0.0268 -24.7
R2 Negative [-0.30,—0.10)  23.3 0.0184 0.0160 -13.0
R3 Neutral [-0.10,0.10) 24.0 0.0158 0.0142 -10.1
R4 Positive [0.10,0.30) 25.8 0.0170 0.0149 -12.4
R5 Strong Pos.  [0.30, 1. O()] 124 0.0375 0.0278 -25.9
Overall [—1.00,1.00] 100 0.0222 0.0183 -17.6

Table 6: Error analysis by sentiment region on INV
(Twitter-RoBERTa-Large). CW: Constant Weight MTL.
R1—Rj5 are fixed intervals, not quantile training groups.

causes more severe degradation (28.9% to 57.5%
atn > 10), and at n > 50, performance becomes
worse than Single Task baseline as DRO actively
misallocates optimization effort. More details are
provided in Appendix A.24.

Where the Gains Come From. Table 6 decom-
poses the overall MSE reduction by sentiment re-
gion. The improvement is not uniform: DRNash re-
duces error by 24.7% and 25.9% in the extreme re-
gions Ry and R5, which together hold only 26.9%
of the data, versus 10.1% in the neutral region Rs.
Since worst-case aggregation upweights the groups
with the highest current loss, and the extreme re-
gions are exactly those the model fits worst under
uniform averaging, this asymmetry is the intended
behaviour. The aggregate 17.6% reduction thus
comes from the underrepresented tails that carry
the most actionable financial signal, not from the
majority neutral region.

5 Related Work

Sentiment Analysis. Sentiment analysis has
been widely used across domains, especially in
finance where accurate sentiment extraction can im-
prove forecasting. Saravanos and Kanavos (2025)
and Agrawal et al. (2025) report gains in crude oil
and stock prediction with sentiment-aware mod-
els. Xing et al. (2025) and Baklanova et al. (2024)
further link NFT-related tweet sentiment to market

trends. Beyond finance, Wen et al. (2024) evalu-
ates product competitiveness from online reviews,
and Li et al. (2025) studies drivers of travel hap-
piness. Despite their effectiveness in leveraging
unstructured data, most existing work centers on
classification and leaves the distribution imbalance
in continuous sentiment regression underexplored.

Multi-task Learning. Multi-task learning can
alleviate imbalance by adding complementary su-
pervision. Cai et al. (2025) and Abdelsamie et al.
(2026) show that pairing classification with regres-
sion better captures sentiment tendencies, reduces
noise, and mitigates sparsity. Yet it raises two cou-
pled issues: defining group boundaries for the aux-
iliary task and resolving gradient conflicts between
objectives (Chen et al., 2024; Chen and Er, 2025;
Fontana et al., 2024). Prior methods often use fixed
task weights and thus fail to adapt to changing op-
timization dynamics during training.

PEFT. Fine-tuning LLMs for sentiment regres-
sion is resource-intensive, motivating parameter-
efficient adaptation. Hu et al. (2023) propose LLM-
Adapters, achieving competitive performance with
fewer trainable parameters, while Lei et al. (2023)
introduce Conditional Adapters for efficient trans-
fer and faster inference; Han et al. (2024) and Wang
et al. (2025) survey this area. Hu et al. (2022)
presents LoRA, which updates weights through
low-rank matrices with minimal memory and la-
tency overhead.

6 Conclusion

We presented DRNash, which couples quantile-
based distributionally robust optimization with a
Nash bargaining task coordinator to jointly address
data imbalance and gradient conflict in financial
sentiment regression. It improves MSE by 14.1%
and ACC by 1.92%, with gains on INV concen-
trated in the underrepresented extreme regions, and
transfers beyond finance.
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Limitations

This work has several limitations that should be
acknowledged:

* Language Scope. Our experiments are con-
ducted exclusively on English datasets. The
effectiveness of DRNash on other languages,
particularly those with different syntactic
structures or limited pre-trained model sup-
port, has not been validated.

* Deployment Considerations. This work fo-
cuses on offline training and evaluation. As-
pects such as real-time inference latency, on-
line adaptation to distribution drift, and inte-
gration with production trading systems are
beyond the scope of this study.

¢ Interpretability. While DRNash demon-
strates consistent performance improvements,
fine-grained analysis of which linguistic fea-
tures contribute to better predictions in spe-
cific sentiment regions is not addressed in this
work.

Ethical Considerations

Data Usage. The financial datasets (NEU, FXE,
INV) are sourced from publicly accessible finan-
cial news websites (investing.com and forexem-
pire.com), collected following the methodology de-
scribed in prior published research with proper cita-
tion, while cross-domain datasets (SemEval-2017,
SemEval-2018, EmoBank) are publicly available
benchmarks. All datasets are used consistent with
their intended purposes.

Privacy. All experiments use financial news arti-
cles and general text data that do not contain per-
sonally identifiable information.

Potential Risks. Financial sentiment analysis
tools could potentially be misused for market ma-
nipulation. We emphasize responsible deployment
and adherence to financial regulations in real-world
applications.

Environmental Impact. Our LoRA integration
reduces training costs by approximately 50% com-
pared to full fine-tuning, contributing to more effi-
cient and environmentally conscious model devel-
opment.
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The Use of Large Language Models
(LLMs)

During the preparation of this work, the authors
used large language models to translate an initial
draft into English, to check grammar, to suggest
figure layouts, and to help identify bugs in the im-
plementation.

Appendix A.1: Imbalanced Data
Distribution

In the sentiment polarity analysis task for exchange
rate texts, we observe that the performance of

LLMs is unsatisfactory after fine-tuning on the stan-
dard and customized financial text dataset (Ding
et al., 2024b). This can be attributed to the model’s
lack of exposure to news domain-specific texts con-
taining specialized jargon, implicit sentiments, and
subtle variations. The financial domain presents
unique challenges including economic terminol-
ogy, market-specific expressions, and complex sen-
timent patterns that differ significantly from general
text corpora.

Subsequently, we employ an alternative LLM,
Twitter-RoBERTa-Large (Loureiro et al., 2023)
pre-trained on a large-scale tweet corpus, and the
model’s performance shows a slight improvement.
This domain adaptation demonstrates the impor-
tance of pre-training data alignment with target
applications.

Figure 7 provides comprehensive empirical ev-
idence for the severe data distribution imbalance
challenge that fundamentally underlies these perfor-
mance issues. The training set distribution shown
in Figure 7(A) concentrates almost entirely in the
moderate sentiment band, with peak frequencies of
roughly 14% near —0.2 to —0.1 and again near 0.2
to 0.3. The extreme regions (|y| > 0.5) together
account for only about 11.5% of the training data,
and the most extreme bins (|y| > 0.7) for under
2% each, even though these are precisely the re-
gions that carry the most actionable information in
financial applications.

Figure 7(B) shows that the test set follows the
same profile: the two distributions agree closely
across the entire polarity range, including the spar-
sity of both tails. The imbalance is therefore not
an artifact of how the data were partitioned but a
property of the corpus itself, and it is reproduced
at evaluation time rather than corrected by it.

The most critical finding appears in Figure 7(C),
which reveals that LLM predictions exhibit severe
bias toward the neutral sentiment region. The
model predictions show extreme concentration
around the neutral region from approximately -0.2
to 0.2, with peak frequencies of about 16% in the
near-neutral range. The model demonstrates vir-
tually no capability to predict extreme sentiments,
with predictions rarely extending beyond +0.4 on
the sentiment scale. This prediction pattern sug-
gests that the model has learned to default to safe,
neutral predictions rather than risk extreme senti-
ment classifications, indicating over-regularization
toward the training set’s most frequent regions.

Figure 7(D) overlays the three distributions and
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Figure 7: Data distribution analysis revealing imbalance challenges in sentiment analysis, including: (A) Training
set distribution, (B) Test set distribution, (C) Fine-tuned LLM predictions on the test set, and (D) Comparative

analysis.

isolates where the discrepancy actually lies. The
training and test curves are nearly indistinguish-
able, whereas the prediction curve departs from
both in the same direction: it is higher across the
central range and markedly lower in both tails. The
model therefore does not merely inherit the im-
balance already present in the data, it amplifies
it, compressing its outputs toward the region that
dominates the training distribution and vacating
the sparse extremes altogether. This is the failure
mode that motivates distributionally robust opti-
mization: reweighting the underrepresented senti-
ment regions during training, rather than correcting
a mismatch between the training and evaluation
splits.

Appendix A.2: Inherent Task Conflict

To address the data imbalance issues identified in
the previous section, we incorporate a classification
task alongside the regression task to better capture
sentiment tendencies embedded in the text through
multi-task learning. However, our multi-task learn-
ing experiments reveal a fundamental challenge:
the model’s performance exhibits significant sen-
sitivity to task weight configurations, indicating
an inherent conflict between the two task objec-
tives that cannot be resolved through simple weight
adjustment strategies.

Figure 8 demonstrates the critical impact of task
weight allocation on model performance across
both regression and classification objectives. The

left panel shows that as the weight of the classi-
fication task increases from 0.05 to 0.3, the MSE
exhibits a non-monotonic trajectory, starting at ap-
proximately 0.0212, reaching a peak of 0.0237 at
weight 0.2, with 0.0231 at weight 0.3. The right
panel reveals an even more complex relationship,
with accuracy ranging from a minimum of approx-
imately 75.8% at weight 0.2 to a peak of around
77.0% at weight 0.25.

The experimental results reveal that the regres-
sion and classification tasks operate at fundamen-
tally different scales and exhibit varying learn-
ing dynamics that cannot be effectively balanced
through static weight allocation. The regression
task, which predicts continuous sentiment scores,
operates on a different loss magnitude scale com-
pared to the classification task, while the tasks also
exhibit different convergence rates. The sensitiv-
ity analysis demonstrates that small changes in
weight allocation can lead to substantial perfor-
mance degradation, with shifting the classification
weight from the optimal value of 0.25 to 0.2 in-
creasing MSE and reducing accuracy by 1.2 points.

Gradient Conflict Analysis. Beyond the weight
sensitivity issue, we observe that the performance
surface is non-convex with respect to task weights,
and the optimal weight for MSE differs from that
for ACC. This reflects an inherent conflict between
regression and classification gradients during op-
timization, rather than merely a hyperparameter
tuning problem. The gradients from different tasks

2809



Effect of Different Classification Weights on MSE
0.0240

Effect of Different Classification Weights on ACC

0.0220 -

MSE

0.0200

78.09%

78.00 4

0.0180 T T T T
0.1 0.15 0.2 0.25

Weight of Classification Task
—&— Fixed Weight

75.00 T T T T T
0.1 0.15 0.2 0.25 0.3
Weight of Classification Task

T
0.05

== = DRNash Framework

Figure 8: Effect of different task weights on MSE and ACC in multi-task learning, compared with the performance

of our proposed DRNash framework.

may point in conflicting directions, making it im-
possible for any fixed weight configuration to si-
multaneously optimize both objectives.

In contrast, our proposed DRNash framework,
represented by the blue dashed lines in Figure 8,
maintains consistently superior performance with
a stable MSE of 0.0183 and accuracy of 78.09%,
demonstrating substantial improvements over the
best fixed weight configuration and validating the
effectiveness of Nash bargaining-based task weight-
ing in addressing the fundamental limitations of
static multi-task learning approaches.

Appendix A.3: Coupling Between
Challenges

The coupling between data-level imbalance and
task-level conflicts in multi-task learning has been
established through theoretical analysis and empir-
ical validation across multiple research communi-
ties, providing a solid foundation for our unified
framework design.

Gradient Domination by Over-Represented
Samples. Theoretical analysis has established
that gradient estimates under class imbalance are
systematically biased toward majority samples.
Francazi et al. (2023) provide formal convergence
analysis proving that gradient descent dynamics
are dominated by majority-class gradients, with
minority class performance initially deteriorating
because reducing majority-class loss outweighs the
loss increase from minority samples. Their theoreti-
cal framework demonstrates that the angle between
per-class gradients must satisfy increasingly restric-
tive conditions as imbalance grows, fundamentally
constraining optimization. This gradient domina-
tion phenomenon was first empirically observed in
object detection by Lin et al. (2017), who showed

that easy negative samples (analogous to neutral
sentiment in our setting) overwhelm training gra-
dients, motivating their focal loss formulation that
down-weights well-classified examples. Tan et al.
(2021) further established that the gradient ratio
between over-represented and under-represented
categories serves as a reliable indicator of train-
ing imbalance in long-tailed recognition, directly
supporting our use of distributionally robust opti-
mization to reweight gradient contributions across
sentiment groups.

Empirical Evidence for the Coupling Between
Imbalance and Task Conflicts. The interaction
between sample-level imbalance and task-level gra-
dient conflicts has been documented across diverse
multi-task settings. Yu et al. (2020) identify a
“tragic triad” of optimization failures in multi-task
learning: conflicting gradient directions, high cur-
vature, and large differences in gradient magni-
tudes, with the last factor directly resulting from
data distribution imbalance. Their experiments
demonstrate that when gradient magnitudes differ
significantly due to imbalanced task difficulty or
data distribution, the larger gradient dominates pa-
rameter updates, causing systematic performance
degradation on other tasks. Chen et al. (2018) show
that task imbalance manifests as imbalances be-
tween backpropagated gradients, with their NYUv?2
experiments revealing that without gradient normal-
ization, tasks with larger loss scales overfit quickly
while others underperform. Liu et al. (2021) doc-
ument the “partial training” phenomenon where
gradient imbalance causes specific tasks to be sys-
tematically under-optimized, demonstrating that
gradient balance and loss balance address com-
plementary aspects of the multi-task optimization
problem. These findings collectively support our
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hypothesis that data distribution bias in sentiment
regression propagates to task-level conflicts when
combined with auxiliary classification.

Unreliability of Gradient Magnitudes as Task
Difficulty Indicators. Gradient magnitudes con-
flate loss scale effects with learning difficulty, ren-
dering them unreliable for task balancing under
data imbalance. Chen et al. (2018) explicitly iden-
tify this disconnect, noting that tasks with high
output variance backpropagate larger gradients re-
gardless of their actual learning difficulty, creat-
ing a paradox where such tasks dominate opti-
mization even when they are easier to learn. Re-
cent theoretical analysis (Navon et al., 2022) es-
tablishes that while gradient magnitude correlates
with learning gains within a single task, this correla-
tion breaks down across tasks because the smooth-
ness constant differs, meaning large-gradient tasks
can achieve similar or lower learning gains than
small-gradient ones. Yu et al. (2020) provide em-
pirical evidence through ablation studies showing
that magnitude-only modifications underperform
methods that also address gradient direction, prov-
ing that magnitude-based weighting is fundamen-
tally limited. Kendall et al. (2018) demonstrate
that uncertainty-based weighting, which uses out-
put variance as task weights, produces suboptimal
results under imbalance because variance estimates
are confounded by sample frequency effects rather
than reflecting true task uncertainty. These findings
motivate our Nash-based task coordinator, which
uses scale-invariant bargaining rather than gradient
magnitude to determine task weights.

In summary, the theoretical and empirical evi-
dence from the multi-task learning literature estab-
lishes a causal chain from data imbalance to gradi-
ent domination to unreliable task weighting, indi-
cating that these two challenges must be addressed
jointly rather than in isolation. This motivates our
unified DRNash framework that simultaneously
handles group construction and task balancing.

Appendix A.4: Multi-task Learning
Framework

This subsection provides detailed technical specifi-
cations of our multi-task learning framework that
serves as the foundation for the DRNash frame-
work integration. The framework is designed to be
model-agnostic and has been validated across mul-
tiple LLM architectures including RoBERTa-Large,
TinyLlama-1.1B, and Qwen2-0.5B.

Backbone: LLMs. In sentiment analysis, LLMs
serve as text data embedding generators, concate-
nating various task-specific heads for various senti-
ment analysis tasks. This work employs different
LLM architectures as the embedding generator for
text data, as illustrated in Figure 9 (A). The training
set is defined as D = {(x;,:)}Y,, where N de-
notes the total number of texts, x; represents each
text in the dataset, and y; € [—1, 1] corresponds to
the annotated sentiment polarity score.

The pre-trained LLM tokenizer Tokenizer(-)
processes each text x; in the dataset, and then the
tokenized text passes through multiple Transformer
blocks to generate the final hidden state H;:

H; = LLM(Tokenizer(x;)), (13)
where H; € R1*%model and dmodel Tepresents the
hidden dimension of the specific LLM architecture
(1024 for RoBERTa-Large, 2048 for TinyLlama-
1.1B, and 896 for Qwen2-0.5B). This hidden state
serves as input to task-specific heads. For sentiment
polarity analysis, we implement a regression head
(Figure 9 (B)) comprising two linear layers and a
sigmoid activation function:

where LL; : R%modet — R128 ig the first linear

layer, o (-) denotes the sigmoid function, and LL :

R!'2® — R produces the final sentiment polarity

score S; € [—1,1].

For the regression task, we use Mean Squared
Error (MSE) as the loss function, denoted as L,:

R 5

Ly = *Z(yi —¥i)”

n
=1

(15)

where n denotes the number of texts in the training
set, y; represents the predicted polarity score, and
v; is the ground truth sentiment polarity score.
Multi-task Learning Architecture. In sentiment
analysis, particularly in data-limited scenarios, en-
hancing model performance is crucial. We intro-
duce a multi-task learning approach that operates
consistently across different LLM architectures.
Specifically, we incorporate a classification task
alongside the regression task to better capture the
sentiment tendencies embedded in the text. This
approach mitigates the impact of noise and small
fluctuations while effectively alleviating the data
sparsity problem often encountered in sentiment
analysis (Saif et al., 2012; Kim et al., 2013).
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Figure 9: The diagram outlines the application of LLMs for sentiment analysis, segmented into three main parts: (A)
LLM:s as the backbone combined with a task-specific module, (B) a regression task module, and (C) a multi-task
module that handles both regression and classification tasks. Our DRNash framework operates on this architecture
by applying DRO for balanced group-wise optimization and NTC for dynamic task weighting.

Quantile-based Sentiment Group Construction.
As described in Section 3.3 of the main text,
we partition the sentiment space into K discrete
groups based on quantile boundaries. Let 75, =
Qi/r({yi}) denote the k/K-quantile of train-
ing sentiment scores. The k-th sentiment group is
defined as:

Gr = {(@i, yi) : 71 < yi < T}, (16)
where k =1,..., K, 9 = —1, and 7 = 1 (with
(G1 extended to include y; = 79, so every sample
receives a group). Each sample is assigned a group
label ¢; € {1,..., K} indicating which group it
belongs to. This quantile-based construction en-
sures approximately equal sample counts per group
(|IGk| = N/K), providing balanced coverage from
strongly negative (G1) through neutral (G /2)) to
strongly positive (Gi). For the classification task,
the group label c; serves as the ground truth, trans-
forming sentiment classification into predicting the
intensity region of the input text. Consequently, we
redefine our dataset as D = {(z, i, ;) } Y.

For the classification task, we implement a clas-
sification head as illustrated in Figure 9 (C). This
head comprises two dropout layers, two linear lay-
ers, and a Tanh activation function, with input di-
mensions adapted to the specific LLM architecture.
The process can be formalized as follows:

Hj = LLy(DP1 (Hy)), a7
where H! € R*128 is an intermediate represen-
tation, DP (-) is the first dropout layer for regu-
larization, and LL; : Rémedel — R1?8 is the first
linear layer that adapts to the hidden dimension of
the respective LLM.

The classification logits C; for the i-th text are

then computed as:

Ci = LLz(DPy(Tanh(H;)),  (18)
where Tanh(-) introduces non-linearity, DPy(-) is
the second dropout layer, and LL, : R1?® — RK
maps to the K discrete classification labels corre-
sponding to sentiment groups.

For the classification task, we use Cross-Entropy
(CE) loss to measure the difference between pre-
dicted probabilities and actual group labels. The
classification loss L. is formulated as:

n K
1 ~
Le===3 % Lnlog(iie).  (19)

i=1 k=1

where n is the number of texts, ¢; is the ground
truth group label, and p; j, is the predicted probabil-
ity for group k.

To jointly optimize the regression and classifi-
cation tasks, we define a multi-task learning loss
LmtI:

Ly = oLy + oL, (20)

where L, and L. are the regression and classi-
fication losses, respectively, and «, and o, are
task weights. This framework provides the foun-
dation upon which our DRNash framework oper-
ates: DRO computes robust task losses L, and L.
via worst-case aggregation over sentiment groups,
while NTC dynamically determines optimal task
weights a, and a based on the Nash bargaining
solution.

Appendix A.S: Distributionally Robust
Optimization

This appendix provides the algorithmic details of
DRO introduced in Section 3.3. DRO addresses the
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data-level challenge by ensuring balanced optimiza-
tion across sentiment groups through worst-case
aggregation.

Algorithm 1 Distributionally Robust Optimization

Require: Dataset D = {(z;,;)}%,, number of
groups K, robustness parameter 17 > 0
Ensure: DRO losses LPRO, [DRO
1: // Phase 1: Sentiment Group Construction
(Preprocessing)
2: for k =1to K do
T Qk/K({yi}f\Ll) {Compute k/K-
quantile }
end for
70 —1, TR 1
fori=1to N do
¢; < ksuch that 7,1 < y; < 7, with
k = 1 also taking y; = 79 {Assign group
label}
8: end for
9: G < |Gk|/N for all k {Group proportions,
~1/K}
10: // Phase 2: Batch-wise Group Loss (Each
Training Step)
11: Sample mini-batch B from D
12: Kp < {k : |Bx| > 0} {Groups present in
batch}
13: for k € Kz do

k
VR J Bl D(ayoes, (M (fo(@)) = y)?

15: Lgk) — ﬁ Z(x,y,c)elﬁ'k CE(hc(fH(J:))? C)
16: end for

17: // Phase 3: Worst-case Aggregation

18: fort € {r,c} do

19: LPRO «+ Llog (Zkelcg 7 exp(nLik)))
20: end for

21: return LDPRO, [DRO

b

A A

Algorithm Explanation. The DRO algorithm op-
erates in three phases:

Phase 1 constructs sentiment groups using quantile-
based boundaries, ensuring approximately equal
samples per group (|Gi| =~ N/K). This is per-
formed once during preprocessing.

Phase 2 computes group-specific losses for each
mini-batch. For groups present in the current batch
(K), we calculate the average MSE for regression
and cross-entropy for classification within each
group.

Phase 3 performs worst-case aggregation using
the log-sum-exp formulation. The robustness
parameter 7 controls the emphasis on underper-

forming groups: as n — 0, the DRO loss ap-
proaches the weighted average; as n — oo, it
approaches the maximum group loss. The opti-
mal worst-case weights are implicitly computed
as q; o g exp(nLgk)), automatically assigning
higher weights to groups with larger losses.

Appendix A.6: Sentiment Group
Configuration

This appendix provides details on the sentiment
group construction introduced in Section 3.3, ex-
plaining the quantile-based partitioning strategy
and the rationale for group configuration choices.
Quantile-based Balanced Coverage. The DRO
component partitions the continuous sentiment
space [—1, 1] into K discrete groups using quantile
boundaries. Let 7, = Qy/x ({9i}1L,) denote the
k/K-quantile of training sentiment scores. This
quantile-based construction ensures approximately
equal sample counts per group (|Gx| ~ N/K),
providing balanced coverage across the entire sen-
timent spectrum:

* (G1: Strongly negative sentiment region
* G[k/2): Neutral sentiment region
* GG Strongly positive sentiment region

Unlike fixed-threshold approaches that may re-

sult in severely imbalanced groups due to the heavy
concentration of neutral sentiments in financial
texts, our quantile-based method automatically
adapts to the underlying data distribution, ensur-
ing each group receives sufficient training signal
during optimization.
Group Configuration Options. The number of
groups K determines the granularity of sentiment
categorization. We consider configurations at mul-
tiple granularity levels:

* K = 3: Negative, Neutral, Positive (Liu,
2022)

* K = b5: Strong Negative, Negative, Neutral,
Positive, Strong Positive (Socher et al., 2013;
Rosenthal et al., 2017)

* K = T: Very Strong Negative, Strong Nega-
tive, Negative, Neutral, Positive, Strong Posi-
tive, Very Strong Positive

Rationale for Citation Selection. We select the
three-class and five-class configurations based on
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their widespread adoption and theoretical founda-
tions in the sentiment analysis community.

The three-class configuration (K = 3) follows
the foundational framework established by Liu
(2022), whose comprehensive monograph on sen-
timent analysis and opinion mining defines sen-
timent polarity classification as categorizing text
into positive, negative, or neutral classes. This tri-
partite division represents the most fundamental
sentiment taxonomy, capturing the essential polar-
ity distinction while acknowledging that many texts
express no clear sentiment orientation. The three-
class scheme has been adopted across thousands of
subsequent studies and remains the default choice
for coarse-grained sentiment analysis tasks.

The five-class configuration (KX = 5) aligns with
two influential benchmarks that have shaped mod-
ern fine-grained sentiment analysis research. First,
the Stanford Sentiment Treebank (SST-5) intro-
duced by Socher et al. (2013) established a five-
point scale consisting of very negative, negative,
neutral, positive, and very positive categories. SST-
5 contains 11,855 movie review sentences with
phrase-level annotations, enabling compositional
sentiment analysis and serving as a standard evalu-
ation benchmark for neural sentiment models. The
five-class formulation captures not only polarity but
also intensity, distinguishing between moderate and
extreme sentiments. Second, SemEval-2017 Task
4 (Rosenthal et al., 2017) adopted an identical five-
point ordinal scale (strongly negative, weakly neg-
ative, neutral, weakly positive, strongly positive)
for tweet sentiment classification toward specific
topics. This shared task attracted 48 participating
teams and established the five-class scheme as an
international standard for fine-grained sentiment
evaluation, demonstrating its applicability across
different text domains including social media.
Seven-class Configuration: A Promising Re-
search Direction. The seven-class configuration
(K = 7) extends the granularity further by intro-
ducing additional intensity levels at both extremes
of the sentiment spectrum. While this configu-
ration lacks established benchmark support in the
current literature, it represents a promising research
direction for ultra-fine-grained sentiment analysis,
particularly in domains where subtle sentiment dis-
tinctions carry practical significance.

However, the seven-class setting presents several
inherent challenges that explain its limited adop-
tion. First, annotation difficulty: human annota-
tors exhibit low inter-rater agreement when distin-

guishing between adjacent fine-grained categories
(e.g., “strong negative” versus “very strong nega-
tive”), as the perceptual boundaries between such
categories are inherently subjective and context-
dependent. Second, data sparsity: extreme senti-
ment categories at both ends of the spectrum are
naturally rare in most corpora, leading to severe
class imbalance that cannot be fully resolved even
with quantile-based partitioning when the under-
lying continuous labels themselves cluster around
neutral values. Third, model capacity requirements:
capturing seven distinct sentiment levels demands
models with sufficient representational capacity to
learn subtle linguistic cues that differentiate adja-
cent intensity levels, which may exceed the capa-
bilities of current architectures on limited training
data. Fourth, evaluation ambiguity: standard clas-
sification metrics become less meaningful when
misclassification between adjacent categories (e.g.,
predicting “positive” instead of “strong positive”) is
penalized equally to misclassification across distant
categories, necessitating ordinal-aware evaluation
metrics that are not yet standardized.

Despite these challenges, the seven-class config-
uration may prove valuable for specialized applica-
tions in financial sentiment analysis where the mag-
nitude of sentiment directly influences decision-
making, such as distinguishing between moder-
ately bullish and extremely bullish market signals.
We leave the systematic exploration of ultra-fine-
grained sentiment classification as a direction for
future work.

Selection of K. The optimal K depends on dataset
size, annotation granularity, and downstream task
requirements. Larger K provides finer sentiment
distinctions but may suffer from insufficient sam-
ples per group. Detailed configuration choices are
provided in the Implementation Details appendix.

Advantages of Quantile-based Partitioning.
Compared to fixed-threshold methods that use uni-
form intervals (e.g., {—0.6,—0.2,0.2,0.6}), our
quantile-based approach offers several advantages:
Distribution Adaptation: Thresholds automatically
adjust to dataset-specific characteristics, effectively
handling the skewed distributions commonly ob-
served in financial sentiment data where neutral
and mildly negative sentiments predominate. Bal-
anced Training: Equal sample counts per group en-
sure balanced gradient contributions during DRO
optimization, preventing any group from being un-
derrepresented in the learning process and avoiding
the gradient dominance problem. Robustness: The
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method exhibits robustness to outliers and to differ-
ences in label distribution across financial datasets,
as the quantile boundaries are determined by rela-
tive positions rather than absolute values.

Appendix A.7: Theoretical Foundation of
DRO

This appendix provides the theoretical foundation
for the DRO formulation presented in Section 3.3,
including the derivation of Eq. (5) and the interpre-
tation of the robustness parameter 7.

A.7.1 Problem Setup

In standard empirical risk minimization (ERM), the
objective is to minimize the expected loss under
the empirical distribution:

K

min 1L (0), 21

; ; Lk (0) 21
where G, = |Gg|/N denotes the empirical propor-
tion of group k and L (0) is the average loss on
group k. However, ERM is dominated by the major-
ity groups and tends to underperform on minority
groups (Sagawa et al., 2020).

A.7.2 Distributionally Robust Optimization
Formulation

DRO addresses this limitation by optimizing
against the worst-case distribution within an un-
certainty set Q centered at the empirical distribu-
tion (Duchi and Namkoong, 2021):

K

min max Z axLi(0).
k=1

22
i mas (22)

The uncertainty set is defined as a KL-
divergence ball around the empirical distribution:

Q={qe AN Dgr(qllg) < p},

where AK=L = {qg : S, v = Lq
0} is the probability simplex, Dgr(q|q)
> i ak10g(qx/qx) is the Kullback-Leibler diver-
gence (Hu and Hong, 2012), and p > 0 controls
the size of the uncertainty set.

(23)

v

A.7.3 Derivation via Lagrangian Duality

The inner maximization problem in Eq. (22) can
be written as:

max

K
max Y akly st Drrlgld) <p. 24
7 k=1

Introducing the Lagrangian with dual variable
A > 0 for the KL constraint:

K
L(g,\) = arLr — A(Dxr(qld) — p). (29)
k=1

Expanding the KL divergence:

K K
k
L@ = gl =AY agelog 2+ Ap. (26)
k=1 k=1 L
Taking the derivative with respect to gy, and set-
ting it to zero (with Lagrange multiplier u for the
simplex constraint Q= 1):

oL
:LkA<log({k+1) —u=0. @27
o ak
Solving for gj:
oo [(EETETAN Lo e ((EE
4 = gk €Xp b\ qi eXp A
(28)
Normalizing to satisfy ), ¢; = 1:
i Li/\
o= exp(Li/A) (29)

Tra— .
Zj:l gj exp(L;/A)

Substituting back into the Lagrangian and sim-
plifying, the dual function becomes:

K

g(A) = Alog (Z dx eXP(Lk/)‘)> + Ap. (30)

k=1
A.7.4 Reparameterization

For notational convenience and numerical stabil-
ity, we introduce the reparameterization n = 1/\.
Under this transformation:

* The optimal weights become:

a5 < Gr exp(nLy), (31)

which corresponds to Eq. (6) in the main text.

e The DRO loss becomes:

K

1

LPRO = —log | > " grexp(nLy) |, (32)
n k=1

which corresponds to Eq. (5) in the main text

(omitting constant terms independent of ).

This reparameterization is standard in the liter-
ature (Duchi and Namkoong, 2021) and provides
an intuitive interpretation: larger n corresponds
to larger uncertainty set radius p (via the dual re-
lationship), yielding more aggressive worst-case
optimization.
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A.7.5 Interpretation of the Robustness
Parameter 7

The parameter > 0 governs the trade-off between
average-case and worst-case optimization:

Limiting Behavior.

* When n — 0 (equivalently A — oo, tight KL
constraint): Using L’Hopital’s rule:

1 . .
lim log (Zk: i exp(nLk)> = zk: Gr Lk,
(33)
recovering standard ERM. Large A imposes
strong penalty on deviating from ¢, forcing
g ~q.
* When n — oo (equivalently A — 0, loose KL

constraint): The log-sum-exp approaches the
maximum:

1
lim —1 i L = L
im — log (; dr exp(n k)) Hl]?X ks

nN—00 1)

(34
focusing entirely on the worst-performing
group. Small A allows ¢* to concentrate on
high-loss groups.

Intermediate Values. For finite 7, the formula-
tion smoothly interpolates between these extremes.
The exponential weighting in Eq. (6) assigns larger
weights to groups with higher losses, automatically
emphasizing underperforming sentiment regions.

A.7.6 Connection to Log-Sum-Exp and Softmax

The DRO loss can be interpreted as a weighted
soft-maximum. Defining ai = nLi + log qx, we
have:

LPRO — lLSE(al, ..

Ui

where LSE(-) denotes the log-sum-exp function.
This provides a smooth, differentiable approxima-
tion to maxy, Ly, that incorporates prior weights g,
enabling stable gradient-based optimization.

SAK), (35

Appendix A.8: Nash Task Coordinator

This appendix provides the algorithmic details of
the NTC introduced in Section 3.4. NTC ad-
dresses the task-level challenge by computing scale-
invariant task weights based on the Nash bargaining
solution.

Algorithm Explanation. The NTC algorithm op-
erates in four steps:

Algorithm 2 Nash Task Coordinator

Require: DRO losses LPRO, L.PRO ghared param-
eters 6, stability constant € > 0

Ensure: Task weights o, o, combined gradient

g

// Step 1: Compute Task Gradients

gr + Vg LPRO [Regression gradient}

ge <+ Vo LPRO [Classification gradient}

// Step 2: Compute Gradient Magnitudes

5t [lgrell + \/2i(0t)2
6: [lgell + /3 (982

7: I/ Step 3: Nash Bargaining Weights (Closed-
form)

El A

gell + €
grll + llgell + 2¢
lgrll + €

llgrll + llgell + 2€
10: // Step 4: Aggregate Gradients

11: g« o - gr + Q¢ ge
12: return o, ac, g

8 ay —

9. Qe

Step 1 computes the gradients of DRO-aggregated
losses with respect to shared model parameters
0. These gradients incorporate the distributionally
robust weighting from the DRO component.

Step 2 calculates the ¢o-norm of each task gradi-
ent, which quantifies the magnitude of parameter
updates each task would induce if trained indepen-
dently.

Step 3 derives task weights from the Nash bar-
gaining solution under the gradient orthogonality
assumption. The key insight is that each task’s
weight is proportional to the other task’s gradient
magnitude: when ||g,|| > |/g.||, the classification
task receives higher weight (o, — 1) to prevent
gradient domination by regression. This inverse
relationship ensures scale-invariant balancing that
satisfies the four Nash axioms: Pareto optimality,
symmetry, scale invariance, and independence of
irrelevant alternatives.

Step 4 aggregates task gradients using the com-
puted weights to form the final update direction for
shared parameters.

Theoretical Foundation. The closed-form weights
in Step 3 are derived from the Nash bargaining
formulation in the main text. Recall from Eq. (9)
that the Nash bargaining solution maximizes the
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product of utility gains:

max

AO* = ar
8 A<t

I1 (—gj Ae) . (36)

e{r,c}

Following Navon et al. (2022), when task gradients
are approximately orthogonal in high-dimensional
parameter spaces (g, g. =~ 0), the Nash bargaining
solution admits a closed-form: task weights are
inversely proportional to their gradient magnitudes,
i.e., ap < 1/||g¢||. After normalization, this yields
Egs. (10)-(11):

lgr]

o - gl _
. = orll
grll + [lgell

= —, (37)
grll + [lgell

C

This inverse weighting ensures that tasks with
larger gradients receive smaller weights, preventing
gradient domination while satisfying scale invari-
ance. The stability constant € prevents numerical
instability when either gradient approaches zero.

Appendix A.9: NTC Derivations

This appendix provides detailed derivations for the
NTC presented in Section 3.4.

A.9.1 Background: Nash Bargaining Problem

The Nash bargaining problem, recently applied to
multi-task learning (Navon et al., 2022; Zeng et al.,
2024), provides a foundational framework for an-
alyzing cooperative negotiations between rational
agents. Formally, a bargaining problem is defined
by a tuple (U, d) where U C R? is the feasible util-
ity set representing all possible outcomes achiev-
able through agreement, and d € U/ is the disagree-
ment point representing the outcome if negotiations
fail.

Nash proved that under four axioms, there exists
a unique solution to this problem. We elaborate on
each axiom and its relevance to multi-task learning:

Pareto Optimality. The solution must lie on the
Pareto frontier of /; that is, no alternative outcome
can improve one player’s utility without reducing
another’s. Formally, if «* is the solution, there ex-
ists no w € U such that u; > u; for all ¢ with strict
inequality for some 7. In multi-task learning, this
ensures that the chosen gradient update cannot be
improved for one task without degrading another,
preventing wasteful optimization directions (Sener

and Koltun, 2018; Nash, 1950).

Symmetry. If the bargaining problem is symmet-
ric (i.e., the feasible set and disagreement point are
invariant under permutation of players), then the
solution must assign equal utilities to both play-
ers. This axiom ensures fairness: when tasks are
equally important and have identical optimization
landscapes, they should receive equal treatment.
In practice, this prevents arbitrary bias toward any
particular task when no distinguishing information
is available (Navon et al., 2022).

Scale Invariance (Affine Invariance). The so-
lution is invariant under positive affine transfor-
mations of individual utilities. If u* solves the
problem (U, d), then (ajuj + b1, agub + bz) solves
the transformed problem for any a; > 0, b; € R.
This property is crucial for multi-task learning be-
cause regression (MSE) and classification (cross-
entropy) losses operate on fundamentally different
scales. Scale invariance guarantees that the task
weighting is determined by the geometric structure
of the optimization landscape rather than arbitrary
loss magnitude differences (Navon et al., 2022; Liu
et al., 2023). Heuristic weighting schemes that
lack this property require careful calibration across
tasks with different loss scales.

Independence of Irrelevant Alternatives (ITIA).
If the solution u* to problem (U4, d) lies within a
subset U’ C U, then u* also solves the restricted
problem (U, d). Intuitively, removing non-optimal
alternatives should not change the optimal solution.
In the context of gradient-based optimization, this
means the optimal task weighting depends only
on the local gradient geometry, not on hypothet-
ical alternative update directions that were never
considered (Nash, 1950).

The unique solution satisfying all four axioms is
the Nash bargaining solution (NBS):
(ui — di>, s.t. u; > d;. (38)

u* = arg max

ueU +;

7

The product form in Eq. (38) has an intuitive

interpretation: it balances the gains of both players

multiplicatively, ensuring that neither player’s in-

terests dominate the solution. This multiplicative

structure naturally leads to the inverse weighting
property derived below.

A.9.2 Formulation for Multi-Task Learning

We formulate multi-task gradient aggregation as a
bargaining game following Navon et al. (2022).
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Players and Utilities. Consider two tasks ¢ €
{r,c} (regression and classification) as rational
players negotiating over shared model parameters.
Given task gradients g,, g. € RI?l computed from
DRO losses, each task seeks a parameter update
A# that maximally reduces its loss. Task ¢’s utility
from update A@ is defined as the first-order approx-
imation of loss reduction:

u(A) = Li(0) — Ly(0 + AB) =~ —g AG. (39)

Positive utility indicates loss reduction (beneficial),
while negative utility indicates loss increase (harm-
ful).

Feasible Set. The feasible utility set is deter-
mined by all possible parameter updates within
a unit ball, which serves as a normalization con-
straint:

U= {(ur,uc) :3A0, [|A| <1,

uy = —g Affort € {r,c}}.
(40)

Disagreement Point. When tasks fail to reach
agreement, no update occurs (A8 = 0), yielding
zero utility for both tasks. Thus d = (0, 0), repre-
senting the status quo.

Nash Bargaining Solution. Applying Eq. (38)
to our multi-task setting yields Eq. (9) in the main
text:

max

T
1AB]/<1 H ( 9t A9)~

— te{r,c}

A" = arg 41)

A.9.3 Derivation of Optimal Task Weights
We now derive the closed-form solution for
Eq. (41).

General Solution Form. The optimal update
takes the form of a weighted combination of task
gradients (Désidéri, 2012):

AP =—y > ofg,
te{r,c}

(42)

where v > 0 is a scaling factor determined by the
constraint ||Af|| < 1, and o* = (o, ) are the
task weights to be determined.

Optimality Conditions. Taking the logarithm of
Eq. (41) converts the product to a sum, facilitating

differentiation. The Lagrangian for the constrained
optimization is:

LA, N) = log(—g/ AG) — A(|AG|J* —1).

(43)
Setting VapL = 0 and substituting Al =
—7v >, ougy, the optimal weights satisfy (Navon
et al., 2022):

G'Ga*=10a", (44)

where G' = [g,, g.] € RI?*2 is the gradient matrix,
1 = (1,1)7 is the all-ones vector, and @ denotes
element-wise division.

Orthogonal Gradient Simplification. In high-
dimensional parameter spaces typical of neural net-
works (with millions of parameters), random vec-
tors are nearly orthogonal with high probability.
Empirically, task gradients in multi-task learning
exhibit this property: g, g. ~ 0 (Yu et al., 2020).
Under this assumption, the Gram matrix simplifies
to:

GTG:PIQTT\Q g g fllgrll” 0
| 1]

9e Gr ch 0 ch
(45)
Substituting into Eq. (44):
||97“H2 0 Qr| 1/047“
[ 0 lgel?) lac) = [1/ae) - ©9

This yields ||g,|?a; = 1/, and ||g.||%a. =

1/ae. Solving for ay:

J— 1 JE—
lgrll’ lgell”

Normalized Weights. To obtain weights that
sum to one for interpretability and consistency with
Eq. (1) in the main text, we normalize:

_ Ylel el
e+ 1/Tgel = Tigell + el

o Ylel el
e+ 1/Tgel = Tgrll + el

Adding € > 0 for numerical stability when gra-
dients approach zero:

1

*

*
aT‘

Q

(47)

(48)

(49)

0%

o — lgell + €
r )
lgrll + llgell + 2¢ (50)
llgrll + €
O = ,
lgrll + llgell + 2¢

which corresponds to Eqgs. (10)-(11) in the main
text.
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A.9.4 Properties of the Solution

Inverse Weighting Intuition. The derived
weights assign smaller coefficients to tasks with
larger gradient magnitudes. When ||g,|| > ||gc]|,
we have o, < a., effectively down-weighting
the dominant regression task. This prevents tasks
with large gradients from overshadowing others,
ensuring balanced learning progress across both
objectives (Chen et al., 2018).

Scale Invariance Verification. Consider rescal-
ing task r’s loss by constant ¢ > 0. The gradient
becomes c - g, and the weight becomes:

A

A — L (51)
cllgrll + llgell

The effective contribution to the update direction,
al - (c- gr), satisfies:

: __ cllgell

o .C.g - — - . .
T gl llgell

(52)

As c varies, the direction of the combined update
remains on the same ray in gradient space, demon-
strating invariance to loss scaling up to normaliza-
tion. This property is essential for combining MSE
and cross-entropy losses without manual calibra-
tion.

Appendix A.10: Complexity Analysis

This appendix analyzes the computational com-
plexity of the DRNash framework, focusing on the
overhead introduced by the two core components:
DRO and NTC.

A.10.1 Notation

* N: Total number of training samples
* B: Mini-batch size

e K: Number of sentiment groups

d: Hidden dimension of the LLM backbone

|6|: Number of trainable parameters
* 7: LoRA rank

e L: Number of transformer layers

A.10.2 LoRA Parameter Efficiency

LoRA introduces low-rank matrices U € R4*" and
V € R"™*4 to decompose weight updates, signifi-
cantly reducing trainable parameters:

C . tio — |9L0RA| - 2Ldr _ 2r
ompression ratio = | I 4
(53)
With d = 1024, the ranks used in this work give
compression ratios of 25% at r = 128, 50% at
r = 256, 75% at r = 384, and 100% at r = 512,
so the parameter savings are largest at the lower

ranks.

A.10.3 DRO Complexity

The DRO component operates in three phases:

Phase 1: Sentiment Group Construction
(Preprocessing). Executed once before training.
Quantile computation via sorting and group assign-
ment require O(N log V).

Phase 2: Batch-wise Group Loss (Per Iteration).
For each mini-batch, group-wise loss aggregation
requires O(B).

Phase 3: Worst-case Aggregation (Per Iteration).
The log-sum-exp computation in Eq. (5) performs
exponential weighting over K groups, requiring
O(K).

Summary. DRO adds O(B + K) per iteration.
Since K < B (typically K € {3,5,7}, B €
{16, 32, 64}), this overhead is negligible compared
to the forward/backward pass through the LLM
backbone.

A.10.4 NTC Complexity

The NTC component computes adaptive task
weights at each iteration:

Step 1: Task Gradient Computation. Standard
backpropagation for two tasks requires O(|6]).

Step 2: Gradient Magnitude Computation.
Computing f2-norms ||g.|| and ||g.|| requires
o(|e)).

Step 3: Nash Bargaining Weights. The closed-
form solution in Egs. (10)-(11) requires only scalar
operations, i.e., O(1).

Step 4: Gradient Aggregation.
g = argr + acge requires O(|0)]).

Weighted sum
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Summary. NTC adds O(|6]) per iteration, com-
parable to a single backward pass. Crucially, the
closed-form Nash bargaining solution avoids itera-
tive optimization, unlike methods such as MGDA
that require solving constrained optimization prob-
lems at each step.

Appendix A.11: Benchmark

We use different benchmarks to verify our frame-
work as shown in Table 7. We establish three base-
line benchmarks (B1-B3) and implement our pro-
posed DRNash framework across six configura-
tions: three with DRNash only (B4-B6) and three
with DRNash+LoRA integration (B7-B9).

A.11.1 Baseline Models

B1: RoBERTa-Large. We use the standard
RoBERTa-Large model (Liu et al., 2019) as
our first baseline, which serves as a general-
purpose language model without domain-specific
pre-training. This baseline helps establish the per-
formance gap between general and domain-adapted
models for financial sentiment analysis.

B2: Twitter-RoBERTa-Large (Regression).
The Twitter-RoBERTa-Large model (Loureiro
et al., 2023) is pre-trained on approximately 154
million tweets, providing strong domain adaptation
for sentiment analysis tasks. In this configuration,
we fine-tune the model for regression only, predict-
ing continuous sentiment polarity scores.

B3: Twitter-RoBERTa-Large (Constant Weight
MTL). This baseline implements multi-task
learning with constant weights, where the regres-
sion and classification losses carry fixed weights
(ap = 0.9 and a. = 0.1). This configuration
demonstrates the limitations of fixed weight strate-
gies in handling the dynamic nature of multi-task
optimization.

A.11.2 DRNash Framework Configurations

The DRNash framework integrates DRO for han-
dling data imbalance at the group level and NTC
for dynamic task weight allocation. We implement
DRNash across three backbone models:

B4-B6: DRNash (Full Fine-tuning). These con-
figurations apply the complete DRNash framework
with full model fine-tuning. The DRO component
partitions sentiment scores into K = 5 quantile-
based groups and applies worst-case aggregation
to ensure robust performance across all sentiment

regions. The NTC component dynamically adjusts
task weights based on Nash bargaining principles,
ensuring Pareto-optimal gradient updates.

B7-B9: DRNash+LoRA. These configurations
combine the DRNash framework with Low-Rank
Adaptation (LoRA) (Hu et al., 2022) for parameter-
efficient fine-tuning. LoRA adapters are applied to
the query, key, and value projection layers, signif-
icantly reducing trainable parameters while main-
taining model performance.

Appendix A.12: Evaluation Metrics

For clarity, the following metrics are reported as
percentages (scaled by 100): R2, Accuracy (ACC),
Precision, and F1 Score.

A.12.1 Regression Task Metrics

For the sentiment score regression task, where
the model predicts a continuous sentiment polarity
score, we employ the following metrics:

Mean Squared Error (MSE). MSE calculates
the average squared differences between the pre-
dicted sentiment polarity scores (y;) and the an-
notated sentiment polarity scores (y;) in the test
set. MSE provides a measure of the model’s accu-
racy in predicting the exact sentiment scores. It is
defined as:

n

1 .
MSE =~ (s — )%
=1

(54)

where n is the number of texts in the test set.

Mean Absolute Error (MAE). MAE measures
the average magnitude of the absolute errors be-
tween the predicted and annotated sentiment po-
larity scores, ignoring their direction. MAE helps
in understanding the average error magnitude and
is less sensitive to outliers compared to MSE. It is
formulated as:

1 X
MAE = EZ’% = Gil - (55)
=1
Root Mean Squared Error (RMSE). RMSE is

the square root of MSE and provides the error mag-
nitude in the same units as the sentiment polarity
scores. RMSE is more interpretable than MSE and
is calculated as:

RMSE = vMSE. (56)
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Table 7: Benchmark models and experimental settings.

Benchmark Model Task Description

Bl RoBERTa-Large (Liu et al., 2019) Regression Baseline regression model without
domain-specific pre-training

B2 Twitter-RoBERTa-Large (Loureiro et al., 2023) | Regression Domain-adapted model for sentiment
regression only

B3 Twitter-RoBERTa-Large (Loureiro et al., 2023) | Multi-task (Constant Weight) | Multi-task learning with fixed weights
(o, = 0.9 and o, = 0.1)

B4-DRNash Twitter-RoBERTa-Large (Loureiro et al., 2023) | Multi-task (DRO + NTC) Full fine-tuning with DRO aggregation
and Nash task coordination

B5-DRNash TinyLlama-1.1B (Zhang et al., 2024) Multi-task (DRO + NTC) Full fine-tuning of decoder-only LLM
with DRNash framework

B6-DRNash Qwen2-0.5B (Yang et al., 2024) Multi-task (DRO + NTC) Full fine-tuning of efficient LLM with
DRNash framework

B7-DRNash+LoRA | Twitter-RoBERTa-Large (Loureiro et al., 2023) | Multi-task (DRO + NTC) Parameter-efficient fine-tuning with
LoRA adapters

B8-DRNash+LoRA | TinyLlama-1.1B (Zhang et al., 2024) Multi-task (DRO + NTC) LoRA fine-tuning of decoder-only LLM
with DRNash framework

B9-DRNash+LoRA | Qwen2-0.5B (Yang et al., 2024) Multi-task (DRO + NTC) LoRA fine-tuning of efficient LLM with
DRNash framework

R-squared (R?). R-squared indicates the propor-
tion of variance in the sentiment polarity scores
that can be explained by the model’s predictions. It
provides a measure of how well the model fits the
data, with values closer to 1 indicating a better fit.
R-squared is defined as:

> iy (yi — 4i)°
Z?:1(yi —9)? 7
where 4 represents the mean of the annotated senti-
ment polarity scores in the test set.

R2=1-— (57)

A.12.2 Classification Task Metrics

For the sentiment classification task, where texts
are categorized into five sentiment classes (e.g.,
strong positive, positive, neutral, negative, strong
negative), we calculate the following metrics:

Accuracy (ACC). Accuracy is the ratio of cor-
rectly predicted sentiment classes to the total num-
ber of predictions. It measures the overall correct-
ness of the model’s classifications and is defined
as:
Z?:l Th

>0 (TP + FNy)’
where T'P; is the number of instances correctly
predicted as class ¢, and F'N; is the number of
instances that actually belong to class ¢ but are
wrongly predicted as other classes.

ACC = (58)

Precision. Precision is the ratio of correctly pre-
dicted positive instances to all instances predicted
as positive. It measures the model’s ability to avoid
false positives and is calculated as:

T Ppos

Precision = ——————,
T Ppos + F Ppos

(59

where TP, is the number of positive instances
correctly predicted as positive, and F P is the
number of non-positive instances wrongly pre-
dicted as positive.

Recall (or Sensitivity). Recall is the ratio of cor-
rectly predicted positive instances to all actual pos-
itive instances. It measures the model’s ability to
identify all positive instances and is calculated as:

T Ppos

Recall = ——F———,
T Ppos + F Npos

(60)
where "IN, is the number of positive instances
wrongly predicted as non-positive.

F1 Score. F1 Score is the harmonic mean of Pre-
cision and Recall, providing a balanced measure
of the model’s performance, especially when the
sentiment classes are imbalanced. It is calculated

as:
Fl—9x Precision x Recall

. 61
Precision + Recall 6D

A.12.3 Equivalence Between Weighted Recall
and Accuracy

In a multi-class classification problem with n
classes, let T'F;, F'N;, and Support; denote the
true positives, false negatives, and total instances
(support) for class i, respectively. The recall for
class 7 is given by:

TP, _ThH
TP;+ FN;  Support,

Recall; = (62)

The weighted recall is then calculated as:
>, Recall; x Support;
i1 Support;

Weighted Recall =
(63)
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Substituting the expression for Recall;:

i=1 Support; X Support;

i1 Support

Weighted Recall =

(64)
The Support; terms in the numerator and denomi-
nator cancel out, leaving:

Z?:l Th

Weighted Recall = =7"~——.
eighted Reca ST Support,

(65)

This is exactly the formula for overall accuracy:

TP +...+TPF,

A -
MY = Sup, + ... + Sup,

(66)

where Sup, abbreviates Support;. Therefore, in a
multi-class classification setting, weighted recall is
mathematically equivalent to accuracy.

Appendix A.13: Dataset

A.13.1 Financial Text Dataset

Financial sentiment analysis aims to extract senti-
ment polarity from financial texts (e.g., news arti-
cles, analyst reports) to enhance market prediction
tasks such as exchange rate forecasting and stock
trend analysis (Li et al., 2019; Ding et al., 2024b).
The key challenges include domain-specific ter-
minology, implicit sentiment expressions, and in-
herent class imbalance where neutral sentiments
dominate (Mujahid et al., 2024).

A.13.2 INV Dataset

The INV dataset (Ding et al., 2024b) contains
23,241 financial text samples with sentiment po-
larity scores in [-1.0, 0.9], annotated using large
language models for EUR/USD exchange rate sen-
timent analysis. The dataset exhibits a mean score
of -0.044 (std=0.303), with the highest concentra-
tion (14.03%) in the [-0.20, -0.10) range.

A.13.3 NEU Dataset

The NEU dataset (Ding et al., 2024b) comprises
12,780 financial text samples from investing.com
and forexempire.com, annotated by RoBERTa-
Large with sentiment scores in [-0.95, 0.9]. The
dataset has a mean score of -0.060 (std=0.312),
with the highest frequency (14.83%) in the [-0.20,
-0.10) range.

A.13.4 FXE Dataset

The FXE dataset (Ding et al., 2024a) contains
10,461 financial text samples for EUR/USD fore-
casting, with RoBERTa-Large sentiment annota-
tions in [-0.9, 0.9]. The dataset shows a near-
neutral mean score of -0.014 (std=0.258), with con-
centrations at [-0.20, -0.10) (14.99%) and [0.20,
0.30) (17.56%).

Appendix A.14: Hyperparameters

A.14.1 Experimental Parameters

Reproducibility Settings:

* Random seeds: 42 (Python, NumPy, PyTorch,
CUDA) for reproducibility across all runs

¢ Benchmark mode: CuDNN benchmark dis-
abled for reproducibility

Data Splitting and Evaluation:

* Train-validation split: 90%-10% random strat-
ified split

¢ Best model selection: Lowest validation MSE
across all epochs

Training Configuration:

* Input sequence length: 512 tokens (truncated
if exceeded)

* Training epochs: 100 epochs maximum
* Warmup steps: 100 steps

* Learning rate scheduler: Cosine decay
* Batch size: 32 for all experiments

A.14.2 DRNash Framework Hyperparameters

Quantile-based Group Partitioning:

* Number of sentiment groups: K =5
DRO Configuration:

» Temperature parameter: n = 1.0
NTC Configuration:

* Stability parameter: € = 1 x 1078

* Weight normalization: o, + o, = 1 (automat-
ically satisfied)

2822



A.14.3 LoRA Parameters
¢ Rank values: 128, 256, 384, 512

* Scaling factor (alpha): Equal to rank value
* Dropout rate: 0.05 for all configurations

» Target modules: Query (Q), Key (K), Value
(V) projection layers

* Weight initialization: Gaussian normal dis-
tribution for matrix A, zero initialization for
matrix B

A.14.4 Environment Setup

Hardware Configuration:
* Operating System: Ubuntu 22.04 LTS
¢ CPU: Intel Xeon (64GB RAM)
* GPU: NVIDIA A100 (80GB VRAM)
Software Configuration:

* Python version: 3.9.19

» PyTorch version: 2.3.1

e PEFT library: 0.12.0

* Transformers library: 4.40.0

* CUDA version: 12.4
Optimization Settings:

» Base learning rate: 1 x 1075

» Weight decay: 1 x 1072

* Optimizer: AdamW

* Epsilon (AdamW): 1 x 1078

* Betal: 0.9, Beta2: 0.999

* Gradient clipping: 1.0 (max norm)

Appendix A.15: DRNash vs Constant
Weight

Overall Performance. Table 8 presents the
comprehensive results comparing constant-weight
multi-task learning (w, = 0.9, w, = 0.1) with
our proposed DRNash framework. DRNash con-
sistently outperforms the constant-weight baseline
across all 36 metric-model-dataset combinations,
demonstrating the robustness of our approach. The
average improvements are 14.1% in MSE and
1.92% in accuracy, with Precision and F1 scores
showing comparable gains.

Model-wise Analysis. Twitter-RoBERTa-Large
exhibits the largest improvements, with MSE re-
ductions ranging from 17.2% to 19.0% across
datasets. This substantial gain can be attributed to
the model’s domain-specific pretraining on social
media text, which aligns well with financial sen-
timent expressions. The accuracy improvements
of 1.91% to 2.21% are accompanied by consistent
gains in Precision (2.25 to 2.69 absolute points)
and F1 (1.65 to 2.05 absolute points), indicating
that DRNash enhances both regression precision
and classification reliability.

For Qwen 0.5B, improvements range from 9.9%
to 13.4% in MSE and 1.59% to 2.26% in accuracy.
The relatively smaller gains on FXE dataset (9.9%
MSE reduction) suggest that smaller models may
face capacity constraints when handling complex
sentiment distributions, yet DRNash still provides
meaningful improvements.

TinyLlama 1.1B demonstrates stable improve-
ments across all datasets, achieving 11.2% to 13.0%
MSE reduction and 1.49% to 1.92% accuracy gain.
Notably, this model achieves the best absolute per-
formance (MSE of 0.0174 and accuracy of 78.49%
on INV), indicating that the combination of suf-
ficient model capacity and DRNash optimization
yields superior results.

Dataset-wise Analysis. The INV dataset consis-
tently yields the best performance across all mod-
els, likely due to its more balanced sentiment dis-
tribution. FXE presents the most challenging sce-
nario with relatively lower improvements, suggest-
ing higher inherent difficulty in this dataset’s sen-
timent patterns. NEU shows intermediate results,
with DRNash effectively bridging the performance
gap between different data characteristics.

Classification Metrics. Beyond MSE and accu-
racy, we observe that Precision exceeds accuracy by
0.33 to 1.23 absolute points under DRNash, while
F1 scores remain closely aligned with accuracy.
This pattern indicates that DRNash not only im-
proves overall classification but also reduces false
positives, which is particularly valuable for finan-
cial applications where prediction reliability is crit-
ical.

Appendix A.16: Effectiveness of Auxiliary
Classification Task

This appendix provides a detailed analysis of the ef-
fectiveness of auxiliary classification task by com-
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Table 8: Performance comparison between constant weight and DRNash framework.

Model Dataset Constant Weight DRNash Framework
MSE | ACC | Prec. | F1 | MSE [ ACC [ Prec. | FI
. NEU | 0.0231 | 75.89 | 75.84 | 75.76 | 0.0187 | 77.34 | 78.23 | 77.41
RoBEf{‘Tﬁ?{arge FXE | 0.0244 | 75.12 | 75.23 | 75.18 | 0.0202 | 76.78 | 77.48 | 77.12
INV | 0.0222 | 76.56 | 76.49 | 76.41 | 0.0183 | 78.09 | 79.18 | 78.46
NEU | 0.0247 | 74.89 | 75.12 | 74.78 | 0.0214 | 76.58 | 77.71 | 76.67
Qwen 0.5B FXE | 0.0252 | 74.67 | 74.89 | 74.56 | 0.0227 | 75.86 | 76.81 | 75.69
INV | 0.0241 | 75.18 | 75.41 | 75.02 | 0.0209 | 76.81 | 78.04 | 76.89
TinyLlama NEU | 0.0204 | 76.89 | 77.12 | 76.56 | 0.0179 | 7821 | 78.57 | 77.93
1B FXE | 0.0215 | 76.23 | 76.78 | 76.12 | 0.0187 | 77.69 | 78.32 | 77.59
INV | 0.0196 | 77.34 | 77.56 | 77.01 | 0.0174 | 78.49 | 78.82 | 78.26

paring single-task regression with constant weight
multi-task learning (MTL). The auxiliary classifica-
tion task partitions the sentiment space [—1, 1] into
five equal-width intervals, providing complemen-
tary supervision signals for sentiment boundary
learning.

A.16.1 Experimental Setup

We compare two training paradigms:

¢ Single Task: The model is trained solely on
sentiment regression using MSE loss.

* Constant Weight MTL: The model jointly
optimizes sentiment regression and auxiliary
classification with fixed task weights (w, =
0.9, w. = 0.1). The classification task parti-
tions [—1, 1] into five equal-width intervals.

Both paradigms use identical model architec-
tures, hyperparameters, and training configurations.
The only difference is the presence of the auxiliary
classification objective in constant weight MTL.

A.16.2 Performance Comparison

Table 9 presents a side-by-side comparison be-
tween single-task learning and constant weight
MTL across three backbone models and three fi-
nancial sentiment datasets.

A.16.3 Analysis

Table 9 validates the effectiveness of auxiliary clas-
sification by comparing single-task regression with
constant weight MTL. Single-task baseline trains
the model solely on sentiment regression using
MSE loss. In contrast, constant weight MTL jointly
optimizes sentiment regression and auxiliary clas-
sification with fixed task weights (w, = 0.9, w, =
0.1), where the auxiliary task partitions the senti-
ment space [—1, 1] into five equal-width intervals.
This experimental design isolates the contribution

of the auxiliary task by controlling all other vari-
ables, including model architecture, hyperparame-
ters, training epochs, and data splits.

As shown in Table 9, introducing auxiliary clas-
sification achieves consistent improvements over
single-task baseline across all model architectures
and datasets. On average, constant weight MTL
achieves 3.5% MSE reduction, 1.8% RMSE re-
duction, 1.8% MAE reduction, and 1.2% R2 im-
provement. Individual MSE improvements range
from 3.0% (TinyLlama on INV) to 4.0% (TinyL-
lama on FXE). These results confirm that auxiliary
classification provides complementary supervision
signals that enhance sentiment boundary learning,
establishing multi-task formulation as an effective
foundation for addressing data distribution imbal-
ance in financial sentiment regression.

Consistent Improvement Across All Configura-
tions. The results demonstrate that introducing
the auxiliary classification task yields consistent
improvements across all nine model-dataset com-
binations. The average MSE reduction is 3.5%,
with corresponding RMSE reduction of 1.8%. This
consistency indicates that the auxiliary task pro-
vides a robust and generalizable benefit regardless
of model architecture or dataset characteristics.

Model-Specific Observations. All three back-
bone models show improved performance:

* Twitter-RoBERTa-Large: Achieves 3.3% to
3.6% MSE reduction (1.7% to 1.8% RMSE re-
duction). The encoder-based architecture ben-
efits from the auxiliary task’s explicit bound-
ary supervision.

¢ Qwen 0.5B: Shows 3.2% to 3.8% MSE reduc-
tion (1.6% to 2.0% RMSE reduction). As a
smaller language model, it particularly bene-
fits from the additional supervision signal.

* TinyLlama 1.1B: Demonstrates 3.0% to 4.0%
MSE reduction (1.5% to 2.1% RMSE reduc-
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Table 9: Side-by-side comparison between Single Task and Constant Weight MTL. A denotes the relative improve-
ment (%) of Constant Weight MTL over Single Task. Green indicates improvement; MSE/RMSE/MAE: lower is
better (]); R?: higher is better (1).

Model Dataset ‘ Single Task Constant Weight MTL ‘ A Improvement (%)
| MSE| RMSE| MAE| R?*t | MSE| RMSE| MAE| R?*t | AMSE ARMSE AMAE AR?
NEU 0.0239  0.1546 0.1103 0.7268 | 0.0231  0.1520 0.1085 0.7356 | +3.3 +1.7 +1.6  +12
Twitter-RoBERTa-Large FXE 0.0253  0.1591 0.1136  0.7226 | 0.0244 0.1562 0.1114 0.7332 | +3.6 +1.8 +19 415
INV 0.0230 0.1517 0.1082 0.7366 | 0.0222  0.1490 0.1063 0.7450 | +3.5 +1.8 +1.8 411
NEU 0.0256  0.1600 0.1141 0.7080 | 0.0247 0.1572  0.1121 0.7184 | +3.5 +1.8 +18 415
Qwen 0.5B FXE 0.0262 0.1619 0.1155 0.7042 | 0.0252 0.1587 0.1133 0.7150 | +3.8 +2.0 +19 415
INV 0.0249 0.1578 0.1125 0.7183 | 0.0241  0.1552  0.1107 0.7267 | +3.2 +1.6 +1.6  +12
NEU 0.0211 0.1453  0.1036 0.7591 | 0.0204 0.1428 0.1019 0.7672 | +3.3 +1.7 +1.6  +1.1
TinyLlama 1.1B FXE 0.0224  0.1497 0.1067 0.7554 | 0.0215 0.1466 0.1046 0.7647 | +4.0 +2.1 20 412
INV 0.0202 0.1421 0.1014 0.7682 | 0.0196 0.1400 0.0998 0.7753 | +3.0 +1.5 +1.6 409
Average | 00236 0.1536 0.1095 0.7332 | 0.0228 0.1508 0.1076 0.7423 | +3.5 +1.8 +1.8 412

tion), achieving the highest improvement on
FXE.

Dataset-Specific Observations. The three
datasets exhibit varying levels of improvement:

* FXE: Exhibits the largest average improve-
ment (3.8% MSE, 2.0% RMSE reduction),
likely because this dataset contains more com-
plex sentiment expressions that benefit from
explicit boundary learning.

* NEU: Shows consistent improvement (3.4%
MSE, 1.7% RMSE reduction) with stable
gains across all models.

* INV: Demonstrates moderate improvement
(3.2% MSE, 1.6% RMSE reduction), as this
dataset’s relatively clearer sentiment patterns
result in a smaller margin for improvement.

Why Auxiliary Classification Helps. The auxil-
iary classification task contributes to improved re-
gression performance through several mechanisms:

1. Explicit Boundary Learning: By partition-
ing the sentiment space into five equal-width
intervals, the classification task explicitly
teaches the model to recognize sentiment
boundaries, which implicitly regularizes the
regression output.

2. Gradient Diversity: The classification loss
provides gradients with different characteris-
tics from regression loss, enriching the opti-
mization landscape and potentially escaping
local minima.

3. Feature Regularization: Joint optimiza-
tion encourages the shared feature extractor

to learn representations that are useful for
both tasks, reducing overfitting to regression-
specific noise.

Appendix A.17: Traditional Imbalanced
Learning Methods

This appendix provides a comprehensive analysis
of traditional imbalanced learning methods com-
pared with our proposed DRNash framework. We
first introduce each baseline method, then present
detailed performance tables for each approach, and
finally provide an extended analysis of the experi-
mental results.

A.17.1 Traditional Imbalanced Learning
Methods

Label Distribution Smoothing (LDS).
LDS (Yang et al, 2021) was proposed in
ICML 2021 as part of the Deep Imbalanced
Regression (DIR) framework. The core idea
is to apply kernel density smoothing to the
empirical label distribution to estimate an effective
label density that accounts for the continuity of
regression targets. Specifically, LDS convolves
a symmetric kernel (e.g., Gaussian, Laplacian,
or triangular) with the empirical label density,
then uses the inverse of the smoothed density as
sample weights during training. This approach
explicitly acknowledges that nearby target values
share similar characteristics and should influence
each other’s importance estimation.  While
LDS achieved state-of-the-art results on several
imbalanced regression benchmarks including
IMDB-WIKI-DIR and AgeDB-DIR, its effective-
ness depends on appropriate kernel selection and
the assumption that label smoothing accurately
captures the underlying data distribution.
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Balanced MSE. Balanced MSE (Ren et al.,
2022) was introduced at CVPR 2022 as an Oral pre-
sentation. This method revisits the standard Mean
Square Error (MSE) loss from a statistical perspec-
tive and reformulates it using a contrastive learning
framework. The key innovation is the Batch Monte
Carlo (BMC) variant, which estimates the effective
label distribution directly from each mini-batch
without requiring prior knowledge of the global
label distribution. The loss function treats each
sample’s label as a distinct "class" and applies soft-
max normalization over pairwise distances, auto-
matically up-weighting rare labels that have fewer
"competitors" within the batch. Balanced MSE was
the first general solution for high-dimensional im-
balanced regression and demonstrated strong per-
formance on age estimation and human mesh re-
covery tasks. However, its effectiveness is sensitive
to batch size, as smaller batches may not accurately
represent the global label distribution.

Focal-R (Focal Loss for Regression). Focal-R
adapts the Focal Loss (Lin et al., 2017), originally
proposed at ICCV 2017 for dense object detection,
to regression tasks. The original Focal Loss ad-
dresses class imbalance in classification by down-
weighting well-classified (easy) examples and fo-
cusing training on hard examples through a mod-
ulating factor (1 — p;)". For regression, Focal-
R applies a similar principle by assigning higher
weights to samples with larger prediction errors
(hard examples) and lower weights to samples with
smaller errors (easy examples). The focusing pa-
rameter 7y controls the rate at which easy examples
are down-weighted. While this hard example min-
ing strategy has proven effective in object detection,
its application to regression tasks with continuous
targets may amplify noise, particularly when pre-
diction errors arise from inherent data uncertainty
rather than model deficiency.

SMOGN (Synthetic Minority Over-sampling
for Regression with Gaussian Noise).
SMOGN (Branco et al., 2017) was presented at
the ECML-PKDD 2017 workshop on Learning
with Imbalanced Domains. This method extends
the SMOTE algorithm to regression tasks by
generating synthetic samples for rare target regions.
SMOGN uses a relevance function to identify
under-represented regions in the target space, then
applies either SMOTER interpolation (for nearby
neighbors) or Gaussian noise perturbation (for
distant neighbors) to create new training samples.

The algorithm selects the synthesis strategy based
on the distance between the seed example and
its k-nearest neighbors: closer neighbors trigger
interpolation while more distant neighbors trigger
noise addition. While SMOGN has shown benefits
for traditional machine learning models like
Random Forest and MARS, its effectiveness on
deep learning models is limited, and the synthetic
samples may introduce artificial patterns that do
not reflect the true data distribution, particularly
problematic for semantically rich domains like
financial text.

A.17.2 Single Task Performance

Table 10 presents the baseline performance of
single-task regression, where models are trained
solely on sentiment regression using MSE loss.
TinyLlama 1.1B achieves the best overall perfor-
mance with average MSE of 0.0212, followed by
Twitter-RoBERTa-Large (0.0241) and Qwen 0.5B
(0.0256). Among datasets, INV appears to be
the easiest with the lowest average MSE (0.0227),
while FXE presents the greatest challenge (0.0246
average MSE). These baseline results serve as the
reference point for evaluating all subsequent meth-
ods.

A.17.3 Constant Weight MTL Performance

Table 11 demonstrates that introducing the auxil-
iary classification task with fixed weights (w, =
0.9, w, = 0.1) consistently improves performance
over single-task baseline. Average MSE reduces
from 0.0235 to 0.0227 on NEU (3.4% improve-
ment), from 0.0246 to 0.0237 on FXE (3.7% im-
provement), and from 0.0227 to 0.0220 on INV
(3.1% improvement). These improvements vali-
date the effectiveness of the auxiliary classifica-
tion task and establish constant weight MTL as a
stronger baseline for comparing traditional imbal-
anced learning methods.

A.17.4 LDS Performance

Table 12 presents the detailed performance of Label
Distribution Smoothing (LDS).

Table 12 reveals the dataset-dependent behav-
ior of LDS. On NEU, LDS achieves substantial
improvements over constant weight MTL, with av-
erage MSE reducing from 0.0227 to 0.0215 (5.3%
improvement). However, on FXE, LDS signifi-
cantly degrades performance, with average MSE
increasing from 0.0237 to 0.0258 (8.9% degra-
dation). This inconsistency suggests that LDS’s
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Table 10: Detailed performance of Single Task regression across all model-dataset combinations.

| NEU | FXE | INV
Model

| MSE| RMSE| MAE| R?*t | MSE| RMSE| MAE| R?*f | MSE| RMSE| MAE| R?*f
Twitter-RoBERTa-Large | 0.0239 0.1546  0.1103 0.7268 | 0.0253 0.1591 0.1136 0.7226 | 0.0230 0.1517 0.1082 0.7366
Qwen 0.5B 0.0256  0.1600 0.1141 0.7080 | 0.0262 0.1619 0.1155 0.7042 | 0.0249 0.1578 0.1125 0.7183
TinyLlama 1.1B 0.0211 0.1453 0.1036 0.7591 | 0.0224 0.1497 0.1067 0.7554 | 0.0202 0.1421 0.1014 0.7682
Average ‘ 0.0235 0.1533  0.1093 0.7313 ‘ 0.0246 0.1569 0.1119 0.7274 ‘ 0.0227 0.1505 0.1074 0.7410

Table 11: Detailed performance of Constant Weight MTL across all model-dataset combinations.

Model | NEU | FXE | INV

| MSE, RMSE| MAE| R?t | MSE| RMSE| MAE| R?*) | MSE| RMSE| MAE| R%*t
Twitter-RoBERTa-Large | 0.0231  0.1520 0.1085 0.7356 | 0.0244 0.1562 0.1114 0.7332 | 0.0222  0.1490 0.1063  0.7450
Qwen 0.5B 0.0247 0.1572  0.1121 0.7184 | 0.0252 0.1587 0.1133 0.7150 | 0.0241 0.1552 0.1107 0.7267
TinyLlama 1.1B 0.0204 0.1428 0.1019 0.7672 | 0.0215 0.1466 0.1046 0.7647 | 0.0196 0.1400 0.0998 0.7753
Average ‘ 0.0227  0.1507 0.1075 0.7404 ‘ 0.0237 0.1538 0.1098 0.7376 ‘ 0.0220  0.1481  0.1056 0.7490

Table 12: Detailed performance of LDS across all model-dataset combinations. Bold: outperforms Constant Weight

MTL.
Model | NEU | FXE | INV

| MSE| RMSE| MAE| R?*t | MSE| RMSE| MAE| R?*f | MSE| RMSE| MAE| R?*f
Twitter-RoBERTa-Large | 0.0218  0.1476  0.1053 0.7507 | 0.0261 0.1616 0.1152 0.7142 | 0.0221 0.1487 0.1059 0.7469
Qwen 0.5B 0.0236  0.1536  0.1095 0.7304 | 0.0279 0.1670 0.1189 0.6852 | 0.0242 0.1556 0.1108 0.7253
TinyLlama 1.1B 0.0191 0.1382 0.0985 0.7821 | 0.0234 0.1530 0.1091 0.7438 | 0.0195 0.1396  0.0994 0.7768
Average | 0.0215 0.1465 0.1044 0.7544 | 0.0258 0.1605 0.1144 0.7144 | 0.0219 0.1480 0.1054 0.7497

kernel smoothing assumption does not hold uni-
formly across different financial sentiment distribu-
tions, particularly failing on FXE where complex
sentiment expressions violate the assumption that
nearby labels share similar characteristics.

A.17.5 Balanced MSE Performance

Table 13 shows that Balanced MSE exhibits the op-
posite pattern to LDS. On NEU, Balanced MSE per-
forms poorly with average MSE of 0.0251, which
is 10.6% worse than constant weight MTL (0.0227)
and 6.8% worse than single-task baseline (0.0235).
However, on INV, Balanced MSE achieves com-
petitive results with average MSE of 0.0216, out-
performing constant weight MTL by 1.8%. This
inconsistency may be attributed to Balanced MSE’s
batch-based distribution estimation, which works
well when batch statistics accurately represent the
global distribution but fails when they are mislead-
ing.

A.17.6 Focal-R Performance

Table 14 demonstrates that Focal-R fails to improve
upon the baselines across all configurations. Most
notably, Focal-R exhibits severe degradation on
FXE, with average MSE of 0.0289 compared to

0.0237 for constant weight MTL (21.9% worse).
The Qwen 0.5B model on FXE shows the most
extreme degradation with MSE of 0.0312, which is
19.1% worse than single-task baseline. This consis-
tent underperformance indicates that hard example
mining amplifies noise in continuous sentiment re-
gression, where high prediction errors often reflect
inherent data uncertainty rather than model defi-
ciency.

A.17.7 SMOGN Performance

Table 15 presents the detailed performance of
SMOGN.

Table 15 shows that SMOGN produces the worst
overall results among all methods. Compared to
single-task baseline, SMOGN increases average
MSE by 20.9% on NEU, 28.0% on FXE, and 9.7%
on INV. The Qwen 0.5B model on FXE exhibits the
most extreme failure with MSE of 0.0342, which
is 30.5% worse than single-task baseline. These
results confirm that synthetic oversampling through
interpolation and Gaussian noise perturbation intro-
duces artificial patterns that are particularly harm-
ful for financial text, where semantic nuances can-
not be captured by simple feature-space interpola-
tion.
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Table 13: Detailed performance of Balanced MSE across all model-dataset combinations. Bold: outperforms

Constant Weight MTL.
Model | NEU | FXE | INV

| MSE| RMSE| MAE| R?*t | MSE| RMSE| MAE| R?*t | MSE| RMSE| MAE| R?%
Twitter-RoBERTa-Large | 0.0253  0.1591 0.1134 0.7106 | 0.0248 0.1575 0.1122 0.7287 | 0.0219  0.1480 0.1055 0.7490
Qwen 0.5B 0.0274 0.1655 0.1180 0.6871 | 0.0259 0.1609 0.1148 0.7076 | 0.0238 0.1543 0.1100 0.7296
TinyLlama 1.1B 0.0225 0.1500 0.1069 0.7431 | 0.0218 0.1476 0.1053 0.7612 | 0.0192 0.1386 0.0988 0.7804
Average | 0.0251 0.1582 0.1128 0.7136 | 0.0242 0.1553 0.1108 0.7325 | 0.0216 0.1470  0.1048 0.7530

Table 14: Detailed performance of Focal-R across all model-dataset combinations. Bold: outperforms Constant

Weight MTL.
Model \ NEU \ FXE \ INV

| MSE, RMSE| MAE| R?t | MSE| RMSE| MAE| R?* | MSE| RMSE| MAE| R*
Twitter-RoBERTa-Large | 0.0242  0.1556  0.1109 0.7234 | 0.0291 0.1706 0.1216 0.6814 | 0.0228 0.1510 0.1076 0.7385
Qwen 0.5B 0.0259 0.1609 0.1147 0.7041 | 0.0312 0.1766 0.1259 0.6479 | 0.0248 0.1575 0.1122 0.7167
TinyLlama 1.1B 0.0213  0.1460 0.1041 0.7568 | 0.0263 0.1622 0.1156 0.7121 | 0.0199 0.1411 0.1006 0.7718
Average | 0.0238 0.1542 0.1099 0.7281 | 0.0289 0.1698 0.1210 0.6805 | 0.0225 0.1499  0.1068 0.7423

Table 15: Detailed performance of SMOGN across all model-dataset combinations. Bold: outperforms Constant

Weight MTL.
Model | NEU | FXE | INV

| MSE| RMSE| MAE| R?*f | MSE| RMSE| MAE| R?* | MSE| RMSE| MAE| R%*f
Twitter-RoBERTa-Large | 0.0285 0.1688  0.1204 0.6742 [ 0.0317 0.1781 01269 0.6528 | 0.0252 0.1587 0.1132 0.7108
Qwen 0.5B 0.0311 0.1764 0.1257 0.6447 | 0.0342 0.1850 0.1318 0.6141 | 0.0273 0.1652 0.1177 0.6887
TinyLlama 1.1B 0.0256  0.1600 0.1141 07074 | 0.0286 0.1691 0.1206 0.6868 | 0.0223  0.1493  0.1065 0.7438
Average | 0.0284 0.1684 0.1201 0.6754 | 0.0315 0.1774 01264 0.6512 | 0.0249 0.1577 0.1125 0.7144

A.17.8 DRNash Performance

Table 16 presents the detailed performance of our
proposed DRNash framework.

Table 16 demonstrates that DRNash achieves the
best performance across all model-dataset combina-
tions without exception. Compared to single-task
baseline, DRNash reduces average MSE by 17.9%
on NEU, 16.7% on FXE, and 16.7% on INV. Com-
pared to constant weight MTL, DRNash achieves
15.0% MSE reduction on NEU, 13.5% on FXE,
and 14.1% on INV. Notably, DRNash maintains
consistent improvements across all three datasets,
in stark contrast to traditional methods that exhibit
significant dataset-dependent variance, validating
our unified framework’s effectiveness in resolving
the coupled data-level and task-level challenges.

A.17.9 Comprehensive Analysis

Limitations of Traditional Imbalanced Learn-
ing Methods. The detailed experimental results
presented in Tables 10 to 16 reveal fundamental
limitations of traditional imbalanced learning meth-
ods when applied to financial sentiment regres-
sion. These limitations can be categorized into

three aspects. First, dataset-dependent inconsis-
tency: LDS improves performance on NEU (5.3%
MSE reduction) but degrades on FXE (8.9% MSE
increase); Balanced MSE shows the opposite pat-
tern with 10.6% degradation on NEU but 1.8%
improvement on INV. This inconsistency indicates
that these methods rely on assumptions about data
distribution that do not hold uniformly across dif-
ferent financial sentiment datasets. Second, noise
amplification: Focal-R’s hard example mining strat-
egy backfires in regression tasks, with 21.9% av-
erage MSE increase on FXE compared to con-
stant weight MTL. In financial sentiment regres-
sion, large prediction errors often arise from inher-
ent ambiguity in sentiment expressions rather than
model deficiency, making hard example mining
counterproductive. Third, harmful synthetic pat-
terns: SMOGN’s data augmentation introduces ar-
tificial patterns that severely damage model perfor-
mance, with 20.9 to 28.0% MSE increase compared
to single-task baseline. Financial text semantics
cannot be captured through simple feature-space
interpolation, and synthetic samples mislead the
model rather than providing useful supervision.
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Table 16: Detailed performance of DRNash (Ours) across all model-dataset combinations. All results represent the

best performance.

| NEU | FXE | INV
Model

| MSE| RMSE| MAE| R?*t | MSE| RMSE| MAE| R?*t | MSE| RMSE| MAE| R?%
Twitter-RoBERTa-Large | 0.0187  0.1368  0.0978 0.7850 | 0.0202 0.1421 0.1015 0.7782 | 0.0183 0.1353  0.0965 0.7900
Qwen 0.5B 0.0214 0.1463  0.1044 0.7553 | 0.0227 0.1507 0.1074 0.7445 | 0.0209 0.1446 0.1031 0.7614
TinyLlama 1.1B 0.0179 0.1338 0.0954 0.7955 | 0.0187 0.1368 0.0976 0.7960 | 0.0174 0.1319 0.0941 0.8005
Average | 0.0193 0.1390 0.0992 0.7786 | 0.0205 0.1432 0.1022 0.7729 | 0.0189 0.1373  0.0979 0.7840

Why DRNash Succeeds. In contrast to tradi-
tional methods, DRNash achieves consistent im-
provements across all configurations through its
unified framework that addresses both data-level
and task-level challenges simultaneously. The
DRO component handles data imbalance by op-
timizing worst-case group performance without
relying on distribution smoothing assumptions or
synthetic data generation. Unlike LDS which as-
sumes label continuity, DRO explicitly optimizes
for the worst-case group, ensuring robust perfor-
mance regardless of the underlying distribution
characteristics. The Nash task balancing compo-
nent dynamically adjusts task weights based on
relative progress, avoiding the scale sensitivity that
affects methods like Balanced MSE. The combina-
tion of these two components resolves the coupled
challenges: DRO ensures robust learning across
imbalanced sentiment groups, while Nash balanc-
ing ensures neither task dominates the optimiza-
tion, leading to consistent improvements of 14.1%
MSE reduction over constant weight MTL across
all datasets.

The experimental results demonstrate not only
superior average performance but also remarkable
consistency. While traditional methods show high
variance across datasets (e.g., LDS ranges from
+5.3% to -8.9% compared to constant weight MTL),
DRNash maintains stable improvements of 13.5 to
15.0% across all three datasets. This consistency is
crucial for practical deployment, as it indicates that
DRNash’s improvements are robust and reliable
rather than dataset-specific. Furthermore, the im-
provements are consistent across all three model ar-
chitectures (Twitter-RoBERTa-Large, Qwen 0.5B,
and TinyLlama 1.1B), suggesting that DRNash’s
benefits are architecture-agnostic and can be ex-
pected to generalize to other backbone models.

Appendix A.18: LoRA Integration

This appendix provides a comprehensive analy-
sis of Low-Rank Adaptation (LoRA) integration

with our DRNash framework. We evaluate four
rank configurations (128, 256, 384, 512) across
all model-dataset combinations to understand the
trade-offs between computational efficiency and
model performance.

A.18.1 Experimental Setup

LoRA enables parameter-efficient fine-tuning by
introducing trainable low-rank decomposition ma-
trices into transformer layers while keeping the pre-
trained weights frozen. For a pre-trained weight
matrix Wy € R¥*, LoRA represents the weight
update as:

W =Wy+ AW =Wy + BA (67)

where B € R¥" and A € R™*, with rank r <
min(d, k). This reduces the number of trainable
parameters from d x k to r X (d + k).

We evaluate four rank configurations: 128, 256,
384, and 512. The metrics reported include:

* Epoch*: The epoch at which the best valida-
tion performance is achieved (out of 100 total
epochs).

* MSE, ACC, Prec., F1: Standard performance
metrics for regression and classification tasks.

* Time Usage: Training time relative to full
fine-tuning without LoRA (100% = same time
as full fine-tuning).

A.18.2 Results with Lower Ranks (128 and 256)

As shown in Table 17, lower-rank LoRA con-
figurations (128 and 256) exhibit slower conver-
gence, requiring more epochs to reach optimal
performance. At Rank=128, the average Epoch*
is 68.3 with Time Usage of 107.58%, indicating
that the reduced model capacity leads to slower
convergence that negates efficiency gains. No-
tably, FXE dataset shows Time Usage exceeding
100% for all models at Rank=128 (119.24% for
Twitter-RoBERTa-Large, 124.42% for Qwen 0.5B,
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Table 17: LoRA integration with DRNash framework: Rank=128 and Rank=256. Epoch* denotes the epoch
achieving best validation performance. Time Usage is relative to full fine-tuning.

Dataset ‘

LoRA (Rank = 128)

LoRA (Rank = 256)

Model
‘ Epoch* MSE ACC Prec. F1 Time ‘ Epoch* MSE ACC Prec. F1 Time
NEU 62 0.0190 77.12 77.85 7723 95.62% 47 0.0187 7745 7821 7758 78.12%
Twitter-RoBERTa-Large FXE 68 0.0206 7645 77.18 76.57 119.24% 54 0.0202 76.82 77.56 76.95 103.46%
INV 79 0.0186 77.82 7854 17791 97.46% 59 0.0184 78.08 78.89 7823 79.08%
NEU 55 0.0218 76.28 7695 7642 94.37% 41 0.0214 76.78 77.52 7691 75.88%
Qwen 0.5B FXE 61 0.0231 75.52 7628 75.63 124.42% 49 0.0227 7591 76.73 76.05 107.04%
INV 71 0.0213 7648 7732 76.61 90.24% 54 0.0209 77.02 77.85 77.18 74.26%
NEU 65 0.0182 77.89 78.15 77.96 104.53% 49 0.0180 78.25 7848 7832 85.06%
TinyLlama 1.1B FXE 72 0.0191 7735 78.02 77.48 130.19% 58 0.0189 77.72 17835 77.85 114.70%
INV 82 0.0177 78.18 7852 7825 112.12% 63 0.0175 78.52 7881 78.61 90.93%
Average ‘ 68.3 0.0199 77.01 77.65 77.12 107.58% ‘ 52.7 0.0196 77.39 78.04 77.52 89.84%

130.19% for TinyLlama 1.1B), making this config-
uration counterproductive for challenging datasets.
Rank=256 improves efficiency to 89.84% average
Time Usage while achieving better MSE (0.0196
vs 0.0199), representing a more practical choice
for moderate efficiency requirements.

A.18.3 Results with Higher Ranks (384 and 512)

Table 18 demonstrates that higher-rank configura-
tions achieve substantial efficiency gains through
accelerated convergence. At Rank=384, average
Epoch* reduces to 33.7 with 74.77% Time Us-
age, providing a balanced trade-off between ef-
ficiency and performance. Rank=512 further re-
duces average Epoch* to 21.2 with only 50.52%
Time Usage while achieving the best average MSE
(0.0193). Notably, Twitter-RoBERTa-Large on
NEU and INV achieves Time Usage of only 34.16%
and 34.53% respectively at Rank=512, represent-
ing approximately 3x speedup compared to full
fine-tuning. Even the challenging FXE dataset
shows Time Usage below 100% for all models at
Rank=512, confirming that higher ranks enable ef-
ficient training across diverse data distributions.

A.18.4 Comprehensive Analysis

Efficiency-Performance Trade-off. Comparing
Tables 17 and 18 reveals a clear relationship be-
tween LoRA rank and training efficiency. Counter-
intuitively, higher ranks lead to faster overall
training despite increased per-step computation,
because the additional model capacity enables
faster convergence. Average Time Usage de-
creases monotonically from 107.58% (Rank=128)
to 89.84% (Rank=256) to 74.77% (Rank=384) to
50.52% (Rank=512). Meanwhile, performance im-
proves consistently: average MSE decreases from
0.0199 to 0.0193 (3.0% reduction) and average

ACC increases from 77.01 to 77.80 (0.79 absolute
points) as rank increases from 128 to 512. This pat-
tern suggests that the limiting factor at lower ranks
is model expressiveness rather than computational
cost.

Comparison with Full Fine-tuning. At
Rank=128, LoRA configurations show slightly
degraded performance compared to full fine-tuning
DRNash. Average MSE increases from 0.0196
(full fine-tuning, computed from Table 2 in the
main text) to 0.0199, and average ACC decreases
from 77.32 to 77.01. However, at Rank=512,
LoRA achieves comparable or slightly better
performance (MSE 0.0193, ACC 77.80) while
requiring only 50.52% of the training time,
demonstrating that higher-rank LoRA can serve
as an effective regularization mechanism that
improves both efficiency and generalization.

Model-Specific Observations. Different back-
bone models exhibit varying responses to LoRA
integration:

* TinyLlama 1.1B consistently achieves the
best absolute performance across all config-
urations, with MSE ranging from 0.0171 to
0.0191. However, it also shows the highest
Time Usage at lower ranks (up to 130.19% at
Rank=128 on FXE), indicating greater sensi-
tivity to model capacity constraints.

* Qwen 0.5B exhibits moderate efficiency gains
but maintains competitive performance. As
the smallest model, it shows the largest perfor-
mance gap between Rank=128 and Rank=512
(MSE improvement from 0.0221 to 0.0214 on
average).

* Twitter-RoBERTa-Large demonstrates the

2830



Table 18: LoRA integration with DRNash framework: Rank=384 and Rank=512. Epoch* denotes the epoch
achieving best validation performance. Time Usage is relative to full fine-tuning.

Dataset ‘

LoRA (Rank = 384) |

LoRA (Rank = 512)

Model
| Epoch* MSE ACC Prec. F1 Time | Epoch* MSE ACC Prec. F1  Time
NEU 29 00186 77.48 7835 77.62 50.38% 18  0.0185 77.64 7848 7778 34.16%
Twitter-RoBERTa-Large  FXE 35 0.0200 7695 77.68 77.12 67.20% 22 00197 7725 7792 7741 4559%
INV 37 00182 7831 79.15 7848 51.83% 23 0.0180 7846 79.35 78.63 34.53%
NEU 25 0.0213 7692 77.68 77.08 67.95% 15 0.0212 77.11 77.89 77.28 42.60%
Qwen 0.5B FXE 31 0.0225 76.08 7695 7623 91.62% 19 00223 7635 77.18 7652 60.90%
INV 34 00208 77.15 78.02 7732 66.95% 21 0.0206 7742 7825 7758 42.13%
NEU 32 00178 7848 78.72 7855 80.81% 20 00176 7871 78.95 78.78 56.76%
TinyLlama 1.1B FXE 39 00187 78.02 7858 78.15 108.30% 26 0.0186 7828 78.82 7842 76.68%
INV 41 0.0173 78.72 7898 7879 87.92% 27 00171 7897 7921 79.05 61.32%
Average | 337 00195 7757 7823 7770 7477% | 212 00193 7780 7845 77.94 50.52%

most favorable efficiency profile, achieving
the lowest Time Usage at Rank=512 (34.16%
to 45.59%) while maintaining strong perfor-
mance, likely due to its encoder-based archi-
tecture being well-suited for sentiment classi-
fication.

Dataset-Specific Observations. The three
datasets exhibit distinct patterns under LoRA
integration:

* FXE (most challenging) shows the highest
Time Usage across all configurations, with
Rank=128 exceeding 119% for all models.
This suggests that challenging datasets require
higher model capacity for efficient conver-
gence.

¢ INV (easiest) achieves the lowest MSE and
highest ACC across all configurations, with
Time Usage generally below the average at
each rank level.

¢ NEU shows intermediate behavior, with stable
improvements as rank increases.

Practical Recommendations. Based on the com-
prehensive analysis, we provide the following rec-
ommendations:

* Rank=512: Recommended for maximum effi-
ciency (approximately 50% average time sav-
ings) with optimal performance. Suitable for
production deployment where both speed and
accuracy are critical.

* Rank=384: Recommended for balanced sce-
narios (approximately 25% time savings) with
minimal performance trade-off. Suitable for
iterative development and hyperparameter tun-
ing.

Rank=256: Acceptable for moderate resource
constraints, but provides limited efficiency
gains (approximately 10% time savings) com-
pared to full fine-tuning.

Rank=128: Not recommended as it often in-
creases training time (107.58% average) with-
out meaningful efficiency benefits, particu-
larly for challenging datasets like FXE.

These results validate that our DRNash frame-
work can be efficiently deployed through LoRA
integration, enabling practical applications in
resource-constrained financial sentiment analysis
scenarios.

Appendix A.19: Cross-Domain
Generalization

A potential concern is whether the proposed DR-
Nash framework is specifically tailored for finan-
cial sentiment analysis or can generalize to other
sentiment regression domains. To address this, we
evaluate DRNash on three publicly available senti-
ment polarity regression benchmarks with contin-
uous annotations, spanning different text domains,
annotation methodologies, and linguistic character-
istics.

A.19.1 Dataset Descriptions

SemEval-2017 Task 5 (Cortis et al., 2017). Fine-
grained sentiment analysis on financial microblogs
and news headlines. Each text is annotated with
a continuous sentiment score from —1 (very neg-
ative/bearish) to +1 (very positive/bullish), repre-
senting fine-grained market sentiment. This bench-
mark is widely used for evaluating financial sen-
timent regression models. Size: approximately
2,500 instances.
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Table 19: Cross-domain evaluation datasets. All datasets provide continuous sentiment polarity annotations suitable

for regression tasks.

Original Scale

Normalized Scale Size

Dataset Domain
SemEval-2017 Task 5 Financial
SemEval-2018 V-reg Twitter

EmoBank Multi-genre

[—1,41] [—1,41] ~2,500
[0,1] [—1,41] ~2,800
[1,5] [—1,41] 10,062

SemEval-2018 Task 1 V-reg (Mohammad et al.,
2018). Twitter valence intensity prediction. Each
tweet is annotated with a continuous score from
0 (most negative) to 1 (most positive), represent-
ing the intensity of sentiment. Annotated using
Best-Worst Scaling (BWS) for reliable fine-grained
labels. This dataset evaluates whether DRNash
transfers to informal social media text. Size: ap-
proximately 2,800 tweets.

EmoBank (Buechel and Hahn, 2017). Multi-
genre dimensional emotion corpus spanning fic-
tion, personal letters, newspaper articles, and es-
says. Each sentence is annotated with continuous
Valence scores from 1 to 5 based on the psycho-
logical Valence-Arousal-Dominance scheme. This
dataset represents the most challenging setting due
to its genre diversity. Size: 10,062 sentences.

A.19.2 Data Preprocessing

To ensure fair comparison of MSE across datasets
with different annotation scales, we normalize all
continuous sentiment scores to the unified range
[—1, +1]. The normalization transformations are:

* SemEval-2017 Task 5: No transformation
needed (already [—1, +1])

* SemEval-2018 V-reg: v/ = 2y — 1, mapping
[0,1] = [-1,41]

* EmoBank: y' = (y—3)/2, mapping [1,5] —

This normalization ensures that: (1) MSE values
are directly comparable across all datasets, (2) the
auxiliary classification task uses consistent thresh-
olds for negative/neutral/positive categories, and
(3) the DRNash framework operates identically
without any domain-specific modifications.

A.19.3 Analysis

Framework Generalizability. As shown in Ta-
ble 20, DRNash maintains consistent performance
across all three domains without any domain-
specific modifications. The average MSE of 0.0199

and ACC of 76.94% demonstrate that the frame-
work’s effectiveness is not limited to a specific text
domain. The distributionally robust optimization
component and Nash bargaining-based task bal-
ancing mechanism capture fundamental aspects of
sentiment regression that transfer across financial
text, social media, and multi-genre corpora.

Robustness Across Domains. As reported in Ta-
ble 20, all three backbone models show stable
performance across datasets. The standard devi-
ation of MSE across datasets is only 0.0017 for
Twitter-RoBERTa-Large, 0.0011 for Qwen 0.5B,
and 0.0012 for TinyLlama 1.1B, indicating low
variance and high robustness. Even on the most
challenging EmoBank dataset with diverse genres,
all models maintain reasonable performance (MSE
0.0193 to 0.0234), confirming that DRNash does
not overfit to specific domain characteristics.

Implications for Practitioners. The cross-
domain results (Table 20) validate that DRNash
can be directly applied to sentiment polarity regres-
sion tasks across various domains, including finan-
cial analysis, social media monitoring, and general
text emotion detection. The only preprocessing re-
quired is normalizing target scores to a consistent
range. The framework’s domain-agnostic design
makes it a practical choice for real-world applica-
tions where target domains may vary.

Appendix A.20: Pre-training Bias Analysis

This section analyzes how pre-training data dis-
tributions introduce biases into language models,
providing empirical motivation for our distribution-
ally robust optimization approach.

A.20.1 Pre-trained Language Model

Pre-trained language models learn representations
from their training corpora, inevitably inheriting
the distributional characteristics and biases present
in those data. When deployed on downstream tasks,
these inherited biases can either help or hinder per-
formance depending on the alignment between pre-
training and target domains. Understanding this
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Table 20: Cross-domain evaluation of DRNash framework. Consistent performance across domains demonstrates
the framework’s general applicability beyond financial sentiment analysis.

Model Dataset MSE| ACCt Prec.t FI17
SemEval-2017 Task 5 0.0195 77.12 77.89 77.34

Twitter-RoBERTa-Large SemEval-2018 V-reg  0.0176  78.56  79.23  78.78
EmoBank 0.0209 76.23 77.01 7645

SemEval-2017 Task 5 0.0221 7545 7623 75.67

Qwen 0.5B SemEval-2018 V-reg  0.0213 76.12 76.89 76.34
EmoBank 0.0234 7478 75.56 7498

SemEval-2017 Task 5 0.0182 77.89 7845 78.12

TinyLlama 1.1B SemEval-2018 V-reg  0.0169 7898  79.56 79.23
EmoBank 0.0193 77.34 78.01 77.56

Average 0.0199 7694 77.65 77.16

phenomenon is crucial for developing robust senti-
ment analysis systems that can handle diverse data
distributions.

A.20.2 Experimental Setup

We compare two RoBERTa variants with different
pre-training backgrounds:

RoBERTa-Large (Liu et al., 2019). Pre-trained
on general text corpora including BookCorpus, En-
glish Wikipedia, CC-News, OpenWebText, and Sto-
ries. This model provides broad language under-
standing but lacks specific exposure to social media
discourse patterns.

Twitter-RoBERTa-Large (Loureiro et al., 2023).
Extended from RoBERTa with additional pre-
training on approximately 154M tweets.

Both models are evaluated on single-task regres-
sion under the identical experimental settings re-
ported in Appendix A.14.

A.20.3 Analysis

Performance Gap from Pre-training Bias. Ta-
ble 21 demonstrates consistent performance differ-
ences between the two models across all datasets.
Twitter-RoBERTa-Large achieves 4.8% lower MSE
on NEU (0.0239 vs 0.0251), 5.2% lower on FXE
(0.0253 vs 0.0267), and 5.3% lower on INV
(0.0230 vs 0.0243). The R? improvements range
from 1.34% to 1.74% absolute. These gaps arise
not from architectural differences—both models
share identical architectures—but from differences
in pre-training data distributions.

Inherited Distributional Bias. The superior per-
formance of Twitter-RoBERTa-Large on financial
sentiment tasks can be attributed to its pre-training

exposure to social media text, which shares linguis-
tic characteristics with our financial datasets. How-
ever, this also illustrates a fundamental limitation:
the model has inherited biases from its pre-training
distribution. When encountering text samples that
deviate from this distribution, performance degra-
dation is expected.

Implications for Robust Sentiment Analysis.
This analysis reveals that even state-of-the-art pre-
trained models carry distributional biases that affect
downstream task performance. While selecting a
domain-aligned model (Twitter-RoBERTa-Large)
provides initial improvements, it does not funda-
mentally solve the problem of label imbalance.
Real-world financial text remains heavily concen-
trated in the neutral band regardless of the back-
bone chosen, making it impractical to rely solely
on pre-training alignment.

Motivation for DRO. These findings motivate
our adoption of DRO in the DRNash framework.
Rather than optimizing the average loss, which is
dominated by the densely populated neutral region,
DRO optimizes for worst-case performance across
sentiment groups. This approach directly addresses
the distributional bias problem by preventing the
sparse extreme regions from being absorbed into
an average that the majority region already satisfies,
regardless of the pre-training corpus characteristics.
Combined with Nash bargaining-based task bal-
ancing, DRNash mitigates both pre-training biases
and task imbalance issues in multi-task sentiment
analysis.
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Table 21: Comparison of pre-trained models on financial sentiment regression. Twitter-RoBERTa-Large consistently

outperforms RoOBERTa-Large across all three datasets.

Dataset Model Epoch* MSE| MAE| RMSE| R?{
NEU RoBERTa-Large 78 0.0251 0.1134 0.1584 71.34
Twitter-RoBERTa-Large 72 0.0239 0.1103 0.1546 72.68
FXE RoBERTa-Large 71 0.0267 0.1172  0.1634  70.52
Twitter-RoBERTa-Large 68 0.0253 0.1136  0.1591 72.26
INV RoBERTa-Large 82 0.0243 0.1112  0.1559 72.18
Twitter-RoBERTa-Large 75 0.0230 0.1082  0.1517  73.66

Appendix A.21: Component Ablation
Study

This section presents a comprehensive ablation
study to validate the independent and synergistic
contributions of the two core components in DR-
Nash: DRO and NTC.

A.21.1 Experimental Configurations

We design four ablation configurations to isolate
the contribution of each component:

Single Task. Pure regression baseline without
multi-task learning. The model is trained solely on
the sentiment polarity regression objective using
standard MSE loss.

Constant Weight MTL. Multi-task learning
with standard loss computation (uniform averaging
over samples) and fixed task weights (w, = 0.9,
w, = 0.1). This represents traditional MTL with-
out either DRO or NTC.

MTL + DRO only. Multi-task learning with
DRO for robust loss computation via worst-case
aggregation over sentiment groups (Eq. 5), com-
bined with re-tuned fixed task weights. Since
DRO transforms the loss landscape, the opti-
mal fixed weights differ from the standard set-
ting. We conduct a grid search over w, €
{0.80,0.85,0.90,0.95} and find w, = 0.85, w. =
0.15 yields the best average performance under
DRO. This ensures a fair evaluation of DRO’s in-
dependent contribution by providing it with appro-
priate task balancing.

MTL + NTC only. Multi-task learning with stan-
dard loss computation (uniform averaging), but
with NTC for dynamic task weighting via Nash
bargaining. This isolates the contribution of adap-
tive task coordination at the task level, though the
gradients used for Nash bargaining remain biased
toward over-represented neutral samples.

DRNash (Full). Complete framework combin-
ing DRO for robust loss computation and NTC for
dynamic task weighting, representing our proposed
approach.

Table 22: Summary of ablation configurations. Note
that DRO only uses re-tuned weights to ensure fair com-
parison.

Configuration

Single Task

Constant Weight MTL
MTL + DRO only
MTL + NTC only
DRNash (Full)

Loss Computation

Standard MSE Regression only
Uniform averaging Fixed (w, = 0.9, w. = 0.1)
Worst-case aggregation  Fixed (w, = 0.85, w. = 0.15)*

Uniform averaging Nash bargaining
Worst-case aggregation Nash bargaining

Task Weighting

*Re-tuned via grid search under DRO setting to ensure fair

evaluation.

A.21.2 Why Re-tuning Fixed Weights for DRO
Only?

A critical methodological consideration is whether
to use the same fixed weights (w, = 0.9, w. = 0.1)
for both Constant Weight MTL and DRO only con-
figurations. We argue that re-tuning is necessary
for a fair comparison:

DRO Transforms the Loss Landscape. The
DRO formulation applies worst-case aggregation:

1 .
LYRO = ;Lo (Z i exp(anek))> (68)
k

This transformation changes the relative magni-
tudes of regression and classification losses. Specif-
ically, groups with higher losses (typically extreme
sentiment groups) receive exponentially higher
weights. Since extreme sentiment groups often
have higher regression MSE (due to data scarcity)
but not necessarily higher classification CE (as the
five-class task may be easier for extreme samples
with clearer sentiment), the ratio LPRO /[.DRO dif.
fers from L,/ L..
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Empirical Validation. Table 23 shows the per-
formance of DRO only under different fixed weight
configurations:

Table 23: DRO only performance under different fixed
weights (MSE on NEU dataset).

wy We MSE A vs optimal
095 0.05 0.0218 +3.8%
090 0.10 0.0214 +1.9%
0.85 0.15 0.0210 —

0.80 0.20 0.0216 +2.9%

Using the original weights (w, = 0.9) would
yield MSE of 0.0214 instead of 0.0210, underesti-
mating DRO’s true contribution by approximately
1.9%. The shift toward higher classification weight
(w. = 0.15) compensates for the fact that DRO
amplifies regression loss more than classification
loss for extreme sentiment groups.

A.21.3 Results

Table 24: Ablation study results on Twitter-RoBERTa-
Large. Each component contributes independently, and
their combination achieves synergistic improvements.

Configuration Dataset MSE| MAE| R?¢
NEU 0.0239 0.1103 72.68
Single Task FXE 0.0253 0.1136 72.26
INV 0.0230 0.1082 73.66
NEU 0.0231 0.1085 73.56
Constant Weight MTL FXE 0.0244 0.1114 73.32
INV 0.0222 0.1063 74.50
NEU 0.0210 0.1033 75.98
MTL + DRO only FXE 0.0219 0.1055 76.05
INV 0.0206 0.1023  76.39
NEU 0.0217 0.1050 75.18
MTL + NTC only FXE 0.0231 0.1083 74.72
INV 0.0210 0.1033 75.89
NEU 0.0187 0.0978 78.50
DRNash (Full) FXE 0.0202 0.1015 77.82
INV 0.0183 0.0965 79.00
A.21.4 Analysis

Independent Contribution of DRO. DRO ad-
dresses the data-level challenge by replacing uni-
form loss averaging with worst-case aggregation
over sentiment groups. Comparing MTL + DRO
only against Constant Weight MTL:

DRO independently reduces MSE by 8.8% on
average, with notable dataset-specific variation
(7.2% to 10.2%). FXE benefits most from DRO
(10.2%), which is consistent with it having the

Table 25: Independent contribution of DRO module.

Dataset Constant MTL. MTL + DRO Improvement
NEU 0.0231 0.0210 9.1%
FXE 0.0244 0.0219 10.2%
INV 0.0222 0.0206 7.2%
Average 0.0232 0.0212 8.8%

most concentrated label distribution of the three,
so that extreme sentiment samples are rarest and
most underrepresented. DRO’s worst-case aggre-
gation explicitly addresses this by assigning higher
weights to these underperforming extreme groups.
INV benefits least (7.2%), consistent with its
larger sample size (23,241) providing more bal-
anced representation even without DRO interven-
tion.

Independent Contribution of NTC. NTC ad-
dresses the task-level challenge by replacing fixed
task weights with dynamic weights derived from
Nash bargaining. Comparing MTL + NTC only
against Constant Weight MTL:

Table 26: Independent contribution of NTC module.

Dataset Constant MTL MTL + NTC Improvement
NEU 0.0231 0.0217 6.1%
FXE 0.0244 0.0231 5.3%
INV 0.0222 0.0210 5.4%
Average 0.0232 0.0219 5.6%

NTC independently reduces MSE by 5.6% on
average. Critically, the improvement pattern dif-
fers from DRO: FXE benefits least from NTC
(5.3%), despite benefiting most from DRO. This
apparent contradiction reveals an important insight:
NTC computes task weights based on gradient mag-
nitudes, but when using standard loss averaging,
these gradients are dominated by over-represented
neutral samples. For FXE with its narrow distri-
bution, this gradient bias is most severe, meaning
NTC’s scale-invariant balancing operates on fun-
damentally biased signals. The task weights are
correctly balanced in magnitude, but the gradient
directions still favor neutral samples.

Why DRO Contributes More Than NTC. The
data shows DRO (8.8%) contributes more than
NTC (5.6%) on average. This is not surprising
given our problem formulation: the data-level chal-
lenge (distribution imbalance) is the root cause that
creates biased gradients, while the task-level chal-
lenge (gradient conflicts) is a downstream effect.
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NTC can balance task contributions but cannot cor-
rect the fundamental bias in gradient directions.
DRO addresses the root cause by ensuring all senti-
ment regions contribute meaningfully to the opti-
mization.

Synergistic Effects. To quantify the synergy be-
tween DRO and NTC, we compare the actual im-
provement of DRNash against the expected im-
provement from simply summing individual contri-
butions:

Table 27: Synergistic effects analysis.

Dataset DRO Gain NTC Gain Expected Actual
NEU 9.1% 6.1% 15.2% 19.0%
FXE 10.2% 5.3% 15.5% 17.2%
INV 7.2% 5.4% 12.6% 17.6%
Average 8.8% 5.6% 14.4% 17.9%

The synergy analysis reveals:

* NEU: Expected 15.2%, actual 19.0%, synergy
bonus 3.8% (25% enhancement)

* FXE: Expected 15.5%, actual 17.2%, synergy
bonus 1.7% (11% enhancement)

* INV: Expected 12.6%, actual 17.6%, synergy
bonus 5.0% (40% enhancement)

On average, DRNash achieves 3.5% additional
improvement beyond the sum of individual contri-
butions, representing approximately 24% synergis-
tic enhancement.

Understanding the Synergy Mechanism. The
synergy arises because DRO and NTC address com-
plementary aspects of the coupled challenges:

1. DRO enables effective NTC: When DRO en-
sures balanced gradient contributions from all
sentiment groups, NTC’s Nash bargaining op-
erates on unbiased gradient signals. The task
weights computed from these balanced gradi-
ents more accurately reflect true task difficulty
rather than data distribution artifacts.

2. NTC amplifies DRO’s benefit: When NTC
dynamically adjusts task weights, it prevents
either task from dominating the optimization.
This allows DRO’s robust gradients to effec-
tively update the model for both regression
and classification objectives simultaneously.

The dataset-specific synergy patterns support
this interpretation: INV shows the largest synergy
(40%) because its more balanced baseline distri-
bution allows NTC to work more effectively once
DRO provides unbiased gradients. FXE shows the
smallest synergy (11%) because even with DRO,
the extreme concentration of its distribution creates
inherent challenges that limit additional gains from
NTC.

A.21.5 Summary

The ablation study reveals several key findings:

1. Both components are essential: Removing
either DRO or NTC results in significant per-
formance degradation compared to the full
DRNash framework.

2. DRO contributes more independently:
DRO provides 8.8% average MSE reduction
versus 5.6% for NTC, reflecting that data-level
distributional bias is the root cause of the cou-
pled challenges.

3. Dataset-specific response patterns differ:
DRO benefits the most concentrated dataset
(FXE) most, while NTC benefits it least. This
reveals the complementary nature of the two
components.

4. Synergistic effects validate the coupling hy-
pothesis: The 3.5% additional improvement
(24% enhancement) beyond individual contri-
butions confirms that the data-level and task-
level challenges are indeed coupled and bene-
fit from joint resolution.

5. Methodological rigor matters: Re-tuning
fixed weights for DRO only configuration is
necessary for fair evaluation, as DRO trans-
forms the loss landscape and changes optimal
task weight ratios.

Appendix A.22: Sensitivity: Group
Number K

This appendix investigates how the number of sen-
timent groups K in the DRO component affects
model performance. The group number K deter-
mines the granularity of sentiment partitioning and
directly influences the effectiveness of worst-case
aggregation.
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A.22.1 Experimental Setup

We evaluate three configurations of sentiment
group numbers: K = 3 (Negative, Neutral, Posi-
tive), K = 5 (Strong Negative, Negative, Neutral,
Positive, Strong Positive), and K = 7 (adding
Very Strong categories at both extremes). All other
hyperparameters are fixed: robustness parameter
1 = 1.0, batch size 32, learning rate 1 x 1072, and
100 training epochs. We use Twitter-RoBERTa-
Large as the backbone model across all experi-
ments. For each configuration, we report MSE
(primary regression metric), MAE, R?, and K -class
classification accuracy. Note that classification ac-
curacy is computed over K classes and thus not
directly comparable across different K values due
to varying task difficulty.

A.22.2 Baseline References

To contextualize the ablation results, we provide
reference performance levels from the main exper-
iments. Single Task regression achieves MSE of
0.0239 (NEU), 0.0253 (FXE), and 0.0230 (INV).
Constant Weight MTL improves upon this with
MSE of 0.0231, 0.0244, and 0.0222 respectively.
Our DRNash framework with K = 5 achieves the
best performance at 0.0187, 0.0202, and 0.0183.
The ablation configurations () = 3 and K = 7)
are expected to fall between Constant Weight MTL
and DRNash, as they represent partial degradation
of the DRO mechanism rather than complete fail-
ure.

A.22.3 Results and Analysis

Table 28: Sensitivity analysis on sentiment group num-
ber K using Twitter-RoBERTa-Large. Bold: best re-
sults. AMSE shows relative change compared to K = 5.
Classification accuracy is computed over K classes and
reflects task difficulty rather than model capability.

K | Dataset | MSE| MAE| R?{ K-class ACC | AMSE
NEU 0.0204 0.1019  76.67 80.12 +9.1%
3 | FXE 0.0223 0.1064 75.53 7945 +10.4%
INV 0.0198 0.1003  77.31 80.89 +8.2%
Average | 0.0208 0.1029 76.50 80.15 +9.2%
NEU 0.0187 0.0978 78.50 7734 —
5 | FXE 0.0202 0.1015 77.82 76.78 —
INV 0.0183  0.0965 79.00 78.09 —
Average | 0.0191 0.0986 78.44 77.40 —
NEU 0.0198 0.1003 77.35 71.67 +5.9%
7 | FXE 0.0219 0.1055 75.97 70.23 +8.4%
INV 0.0190 0.0983 7823 7345 +3.8%
| Average | 0.0202 0.1014 77.18 7178 | +6.0%

The results in Table 28 demonstrate that both

K = 3 and K = 7 degrade performance com-
pared to the optimal K = 5, but the degradation
mechanisms differ fundamentally, leading to dis-
tinct patterns across datasets.

With K = 3, performance degrades by 8.2% to
10.4% across datasets, with all configurations re-
maining substantially better than Constant Weight
MTL (which achieved MSE of 0.0231, 0.0244,
0.0222) but notably worse than K = 5. The
degradation is caused by insufficient granularity:
extreme sentiments are merged into broader cate-
gories, preventing DRO from distinguishing truly
extreme samples from moderate ones within the
same group. The auxiliary classification task also
provides weaker supervision, as three-class labels
offer less discriminative information about senti-
ment intensity. Importantly, X = 3 does not intro-
duce additional noise or instability, it simply weak-
ens the DRO mechanism by reducing its discrimi-
native power. FXE exhibits the largest degradation
(+10.4%) because its scores are the most concen-
trated of the three, so coarser quantile boundaries
lose proportionally more granularity; when scores
are already concentrated, coarse partitioning fails to
capture meaningful distinctions between adjacent
sentiment levels. INV shows the smallest degra-
dation (+8.2%) as its larger sample size (23,241)
provides robust training signals that partially com-
pensate for the reduced group resolution.

With K = 7, the degradation pattern differs
markedly across datasets, ranging from +3.8%
(INV) to +8.4% (FXE). Unlike K = 3 where the
problem is systematic, K = 7 introduces variance-
related issues: each extreme group contains only ~
N/T samples, leading to noisier batch-wise group
loss estimates Lgk) . This variance propagates to the
worst-case weights ¢; exp(nLEk)), causing less
stable optimization. The dataset-specific sensitivity
directly reflects sample size effects: INV’s large
sample count ensures approximately 3,320 sam-
ples per group even at K = 7, providing reliable
loss estimates and resulting in minimal degradation
(+3.8%). In contrast, FXE’s smaller size (10,461
samples) yields only ~1,494 samples per extreme
group, and its narrow distribution amplifies the im-
pact of estimation variance, producing the largest
degradation (+8.4%). NEU falls between these
extremes with moderate degradation (+5.9%).

The comparison between K = 3 and K = 7 re-
veals an interesting trade-off. On average, K =7
outperforms K = 3 (6.0% vs 9.2% degradation),
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suggesting that finer granularity partially compen-
sates for sample sparsity. However, this advantage
is dataset-dependent: on INV, K = 7 substan-
tially outperforms K = 3 (3.8% vs 8.2%), while
on FXE, the gap narrows considerably (8.4% vs
10.4%). This indicates that for datasets with limited
samples or narrow distributions, the benefits of fine
granularity may be offset by estimation instability.

The K-class classification accuracy exhibits
an expected pattern where absolute accuracy de-
creases as K increases: 80.15% average at K = 3,
77.40% at K = 5, and 71.78% at K = 7. How-
ever, this decrease reflects task difficulty rather
than model capability. When normalized by ran-
dom baseline performance, the relative improve-
ments tell a different story: at K = 3, the model
achieves 141% improvement over random base-
line (33.3%); at K = 5, 287% improvement over
baseline (20.0%); and at K = 7, 402% improve-
ment over baseline (14.3%). This indicates that
the model successfully learns finer sentiment dis-
tinctions at higher K, even though the absolute
classification accuracy decreases.

A.22.4 Summary

Based on our analysis, K = 5 is recommended as
the default configuration for DRNash. Both alter-
natives degrade performance but remain superior
to Constant Weight MTL, confirming that DRO
provides value even with suboptimal group config-
urations. The choice between K = 3and K =7
involves a trade-off between systematic bias (insuf-
ficient granularity) and estimation variance (sam-
ple sparsity). For most applications, K = 5 pro-
vides the optimal balance. For very large datasets
(N > 50,000), K = 7 may be considered, while
for small datasets with narrow distributions, K = 3
may be more stable despite its lower resolution.

Appendix A.23: Sensitivity: Batch Size

This appendix investigates how batch size affects
the DRO component’s effectiveness. Batch size
directly influences two critical factors: the proba-
bility of covering all K sentiment groups within
each batch, and the variance of group-wise loss
estimates.

A.23.1 Experimental Setup

We evaluate nine batch size configurations: B €
{8,12, 16, 20, 24, 28, 32, 36,40}. All other hyper-
parameters are fixed: number of groups K = 5, ro-
bustness parameter 7 = 1.0, learning rate 1 x 107>,

and 100 training epochs. We use Twitter-RoBERTa-
Large as the backbone model.

With K = 5 groups under quantile-based parti-
tioning, each group contains approximately 20%
of the training samples. For a batch of size B, the
expected number of samples per group is B/K =
B/5, and the probability that a specific group is
absent from a batch is P(group k absent) = 0.85.
Table 29 summarizes these statistics across differ-
ent batch sizes.

At B = 8, with only 1.6 expected samples per
group and 16.8% probability of a given group being
absent, the batch-wise group losses are dominated
by sampling noise. At B = 12, this probability
drops to 6.9% but remains problematic with only
2.4 expected samples per group. At B = 32, the
absence probability drops below 0.1%, ensuring
reliable group coverage with 6.4 expected samples

per group.

A.23.2 Baseline References

To contextualize the ablation results, we provide
critical reference performance levels. Single Task
regression achieves MSE of 0.0239 (NEU), 0.0253
(FXE), and 0.0230 (INV). Constant Weight MTL
improves to 0.0231, 0.0244, and 0.0222 respec-
tively. DRNash with B = 32 achieves optimal per-
formance at 0.0187, 0.0202, and 0.0183. Critically,
unlike the K ablation where suboptimal configu-
rations merely weaken DRO without introducing
harm, very small batch sizes can cause DRO to
catastrophically degrade performance well below
Single Task baseline by providing noisy, mislead-
ing robustness signals that actively misguide opti-
mization.

A.23.3 Results and Analysis

The results in Table 30 reveal four distinct perfor-
mance regimes with a critical finding: small batch
sizes cause DRO to perform catastrophically worse
than the Single Task baseline, demonstrating that
distributionally robust optimization guided by un-
reliable estimates is far more harmful than having
no robustness at all.

Harmful Regime (B < 12). Small batch sizes
cause DRO to catastrophically degrade perfor-
mance well below the Single Task baseline. At
B = 8, all three datasets show severe MSE
degradation compared to Single Task: NEU
achieves 0.0271 versus Single Task’s 0.0239
(+13.4% worse), FXE achieves 0.0324 versus

2838



Table 29: Batch size statistics for K = 5 groups under quantile-based partitioning.

Batch Size | Expected Samples/Group Group Absence Prob. Expected Missing Groups  Regime
8 1.6 16.8% 0.84 Harmful
12 24 6.9% 0.35 Harmful
16 32 2.8% 0.14 Recovery
20 4.0 1.2% 0.06 Recovery
24 4.8 0.5% 0.02 Stable
28 5.6 0.2% 0.01 Stable
32 6.4 0.08% <0.01 Optimal
36 7.2 0.03% <0.01 Saturation
40 8.0 0.01% <0.01 Saturation

0.0253 (+28.1% worse), and INV achieves 0.0259  Transition Analysis at B = 12. The B = 12

versus 0.0230 (+12.6% worse). The degradation
relative to optimal DRNash (B = 32) ranges
from +41.5% (INV) to +60.4% (FXE), representing
catastrophic failure of the robustness mechanism.

This severe degradation stems from two com-
pounding factors. First, with only 1.6 expected
samples per group and 16.8% probability of a given
group being absent, the batch-wise group losses
Lgk) are dominated by sampling noise rather than
true performance differences. Second, the worst-
case weights g; o< exp(nLEk)) amplify this noise
exponentially, causing the optimization to chase
random fluctuations rather than systematically ad-
dressing underperforming regions. The result is
that DRO provides actively misleading guidance,
directing the model to over-optimize whichever
group happens to have high loss due to sampling
variance in a given batch, then switching to a differ-
ent group in the next batch. This erratic behavior
is substantially worse than the consistent (if subop-
timal) training provided by standard loss averaging
in Single Task.

At B = 12, the situation improves but re-
mains firmly in the harmful regime. All three
datasets still perform worse than their Single Task
baselines: NEU achieves 0.0248 versus 0.0239
(+3.8% worse), FXE achieves 0.0286 versus 0.0253
(+13.0% worse), and INV achieves 0.0240 versus
0.0230 (+4.3% worse). While the average degra-
dation reduces from +48.9% to +35.1% relative
to optimal, the 2.4 expected samples per group
remain insufficient for reliable loss estimation. No-
tably, FXE exhibits substantially larger degrada-
tion (+13.0%) compared to NEU (+3.8%) and INV
(+4.3%), foreshadowing its heightened sensitivity
that persists across all batch sizes.

configuration represents a critical transition point
that illuminates the mechanism of DRO failure.
With 2.4 expected samples per group (compared to
1.6 at B = 8) and 6.9% group absence probability
(compared to 16.8% at B = 8), the estimation vari-
ance decreases by approximately 33%. However,
this improvement remains insufficient for reliable
DRO operation, as evidenced by all datasets re-
maining below Single Task performance.

The asymmetry in degradation at B = 12 is par-
ticularly informative: FXE shows +13.0% degrada-
tion relative to Single Task, while NEU and INV
show only +3.8% and +4.3%. This three-fold dif-
ference in sensitivity directly reflects FXE’s distri-
butional characteristics. With the smallest dataset
among the three (10,461 samples), FXE yields the
noisiest per-group loss estimates at a given batch
size. When estimation noise is comparable in mag-
nitude to true group loss differences, the worst-case
weights become essentially random, causing opti-
mization to allocate effort based on noise rather
than genuine performance gaps. This phenomenon
explains why FXE requires larger batch sizes to
benefit from DRO.

Recovery Regime (16 < B < 20). Perfor-
mance transitions from harmful to beneficial as
batch size increases. At B = 16, NEU (0.0234)
and INV (0.0227) surpass their Single Task base-
lines (0.0239 and 0.0230 respectively), while FXE
(0.0261) remains marginally below its baseline
(0.0253, +3.2% worse). The 3.2 expected samples
per group provide sufficient stability for DRO to
begin functioning correctly on datasets with wider
distributions, but FXE’s narrow distribution still
suffers from noise contamination.

At B = 20, all datasets surpass their Single Task
baselines and approach Constant Weight MTL per-
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Table 30: Sensitivity analysis on batch size using
Twitter-RoBERTa-Large with K = 5. Bold: the ref-
erence configuration B = 32. AMSE shows relative
change compared to B = 32. Entries marked with
indicate performance worse than Single Task baseline.

Batch | Dataset | MSE|, MAE| R?*t ACC | AMSE
NEU | 002717 0.1174 69.02 72.23 | +44.9%
8 | FXE 003247 0.1284 6451 69.67 | +60.4%
INV 0.0259" 0.1147 7032 72.89 | +41.5%
Average | 0.02857 0.1202 67.95 71.60 | +48.9%
NEU | 002487 0.1123 71.65 7412 | +32.6%
12 | FXE 0.0286" 0.1206 68.67 7245 | +41.6%
INV 0.02407 0.1104 7249 7478 | +31.1%
Average | 0.0258" 0.1144 70.94 73.78 | +35.1%
NEU 00234 0.1090 7326 74.89 | +25.1%
16 | FXE 0.02617 0.1152 70.17 73.56 | +29.2%
INV 00227 0.1074 7406 75.67 | +24.0%
Average | 0.0241 0.1105 72.50 74.71 | +26.1%
NEU 0.0216 0.1048 7531 75.78 | +15.5%
20 | FXE 00238 0.1100 73.03 74.67 | +17.8%
INV 0.0207 0.1026 7623 76.45 | +13.1%
Average | 0.0220 0.1058 74.86 75.63 | +15.5%
NEU 0.0201 0.1012 77.03 7656 | +7.5%
24 | FXE 0.0220 0.1055 7526 7545 | +8.9%
INV 0.0194 0.0994 77.77 7723 | +6.0%
Average | 0.0205 0.1020 76.69 76.41 | +7.5%
NEU 00192 0.0989 7801 7701 | +2.7%
28 | FXE 00209 0.1030 7648 76.12 | +3.5%
INV 0.0187 0.0975 78.54 77.78 | +2.2%
Average | 0.0196 0.0998 77.68 76.97 | +2.8%
NEU 0.0187 0.0978 78.50 77.34 | —
32 | FXE 0.0202 0.1015 77.82 7678 | —
INV 0.0183  0.0965 79.00 78.09 | —
Average | 0.0191 0.0986 7844 7740 | —
NEU 00186 0.0972 78.62 7745 | —0.5%
36 | FXE 0.0201 0.1010 77.93 76.89 | —0.5%
INV 00182 0.0962 79.12 78.18 | —0.5%
Average | 0.0190 0.0981 7856 77.51 | —0.5%
NEU 0.0185 0.0970 78.86 77.56 | —1.1%
40 | FXE 00199 0.1005 78.17 77.01 | —1.5%
INV 00181 0.0959 7926 7827 | —1.1%
| Average | 0.0188 0.0978 7876 77.61 | —1.2%

formance. The 4.0 expected samples per group
provide sufficient stability for DRO to function cor-
rectly more often than not. However, with group
coverage probability per batch still at 98.8%, occa-
sional estimation errors prevent reaching optimal
performance. The degradation relative to B = 32
reduces to 13.1% (INV) to 17.8% (FXE), reflecting
the remaining variance-related limitations.

Stable Regime (24 < B < 32). Performance ap-
proaches optimal with diminishing improvements.
At B = 24, degradation reduces to 6.0% (INV) to
8.9% (FXE), as 4.8 expected samples per group

crosses the threshold where DRO provides con-
sistent benefit across all datasets. At B = 28,
degradation further reduces to 2.2% (INV) to 3.5%
(FXE), and the gap between datasets narrows con-
siderably as reliable group coverage (probability
>99.8%) eliminates most variance-related issues.

At B = 32, optimal performance is achieved
across all metrics. The 6.4 expected samples per
group provide stable loss estimates, and essentially
all batches contain all five groups. This config-
uration represents the recommended default for
DRNash with K = 5 groups.

Saturation Regime (B > 32). Further increases
provide marginal benefits that do not justify addi-
tional computational cost. The improvement from
B = 32to B = 40 is only 1.2% on average, as
the variance reduction from increasing expected
samples per group from 6.4 to 8.0 (25% increase)
yields diminishing returns. FXE shows slightly
larger gains (—1.5% at B = 40) than the other
datasets, suggesting that its narrow distribution con-
tinues to benefit from reduced estimation variance,
but the improvement is economically insignificant
given the linear increase in memory requirements.

Dataset-Specific Sensitivity Patterns. The
dataset-specific patterns consistently reflect their
distributional characteristics across all batch sizes,
as summarized in Table 31.

Table 31: Dataset-specific sensitivity across batch sizes.
Values show degradation relative to Single Task baseline
(%). Positive values indicate DRO is harmful; negative
values indicate DRO is beneficial.

Batch | NEU FXE INV | Sensitivity Ranking
8 +134% +28.1% +12.6% | FXE > NEU > INV
12 +38% +13.0% +43% | FXE >INV > NEU
16 | —21% +32% —1.3% | FXE >INV > NEU
20 | —9.6% —59% —10.0% | FXE > NEU > INV
24 | —159% —13.0% —15.7% | FXE > NEU ~ INV
32 | —218% —202% —20.4% | FXE >INV > NEU

FXE exhibits the highest sensitivity throughout
the harmful and recovery regimes, with degradation
relative to Single Task ranging from +28.1% at
B = 8to+13.0% at B = 12 to +3.2% at B =
16. This heightened sensitivity stems from FXE’s
smallest sample size (10,461 samples): with fewer
samples per group in each batch, estimation noise
has proportionally larger impact on the worst-case
weight assignments. As a result, FXE is the last
dataset to cross below Single Task performance
(at B =~ 18) and shows the smallest improvement
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even at optimal B = 32 (—20.2% vs Single Task,
compared to —21.8% for NEU).

INV consistently shows smaller degradation in
the harmful regime (+12.6% at B = 8, +4.3%
at B = 12) due to its larger sample size (23,241
samples) providing more stable within-batch group
representation. NEU falls between these extremes
with intermediate sensitivity, reflecting its interme-
diate sample size (12,780).

Critical Threshold Analysis. The experimental
results reveal clear thresholds for batch size selec-
tion:

* B < 12: Catastrophic failure. DRO actively
harms performance, with all datasets signifi-
cantly worse than Single Task. This regime
should be strictly avoided.

* 12 < B < 16: Harmful regime. DRO still
degrades performance below Single Task for
most or all datasets. Not recommended.

* 16 < B < 24: Recovery regime. DRO begins
providing benefit, but performance remains
substantially below optimal. Acceptable only
under severe memory constraints.

* 24 < B < 32: Stable regime. DRO provides
consistent benefit with diminishing returns.
Recommended range.

* B > 32: Saturation regime. Marginal im-
provements (at most 1.5%) do not justify in-
creased memory requirements.

A practical guideline is to ensure sufficient ex-
pected samples per group for reliable loss estima-
tion: B/K > 5. For our default K = 5, this
recommends B > 25, aligning with our empirical
finding that performance stabilizes around B = 28
to 32. Practitioners should strictly avoid configura-
tions where B/ K < 3 (i.e., B < 15 for K = 5), as
this enters the harmful regime where DRO provides
actively misleading guidance.

A.23.4 Relationship Between Batch Size and
Group Number

The optimal batch size depends on the number of
groups K. Table 32 provides guidelines for differ-
ent K configurations.

For K = 3, a minimum of B = 15 is required
to avoid the harmful regime, with B = 20-24 rec-
ommended for stable performance. For K = 7,

Table 32: Recommended batch size ranges for different
group numbers K.

Groups K ‘ Minimum Safe B Recommended B Guideline

3 15 20-24 B/K >5
5 25 28-32 B/K >5
7 35 40-48 B/K >5

the minimum safe batch size increases to B = 35,
which may present memory challenges for large
models. This interaction between K and B should
be considered when selecting the number of senti-
ment groups.

A.23.5 Comparison with Other Sensitivity
Analyses

The batch size sensitivity differs fundamentally
from the K and 7 sensitivities analyzed in Appen-
dices A.22 and A.24:

* K sensitivity (Appendix A.22): Suboptimal
K values merely weaken DRO’s effectiveness
without causing harm. Even K = 3 and
K = 7 remain better than Constant Weight
MTL. The degradation mechanism is system-
atic (insufficient granularity or sample spar-
sity) rather than stochastic.

* 7 sensitivity (Appendix A.24): Large ) val-
ues can cause performance to drop below
Single Task baseline, similar to small batch
sizes. However, the mechanism differs: large
1 amplifies even reliable estimates excessively,
while small B makes estimates fundamentally
unreliable.

* Batch size sensitivity: Small batch sizes
cause DRO to provide actively misleading
guidance due to noisy loss estimates. The
exponential weighting in DRO amplifies this
noise, making the optimization chase random
fluctuations. This is the most severe failure
mode among the three sensitivity dimensions.

The key insight is that DRO’s effectiveness crit-
ically depends on having reliable group loss esti-
mates. When estimation variance exceeds the true
differences between group losses, DRO’s worst-
case optimization becomes counterproductive, al-
locating effort based on noise rather than genuine
performance gaps.

A.23.6 Summary

Based on our comprehensive analysis, we provide
the following recommendations:
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1. Default configuration: B = 32 for K =5
groups, providing optimal performance with
stable training dynamics.

2. Strict avoidance: B < 16 should be strictly
avoided, as performance degrades below Sin-
gle Task baseline. At B = 8, degradation
reaches +12.6% to +28.1% relative to Single
Task, representing catastrophic failure.

3. Minimum viable configuration: B = 24
provides acceptable performance (6.0%—8.9%
below optimal) for memory-constrained sce-
narios.

4. Scaling with K: Maintain B/K > 5 to en-
sure reliable group loss estimation. Adjust
batch size proportionally when changing the
number of sentiment groups.

5. Dataset considerations: For smaller datasets
(similar to FXE), prefer larger batch sizes
closer to the recommended range, as these
datasets are more sensitive to estimation noise.

The central finding of this ablation study is that
DRO with unreliable estimates is worse than no
robustness at all. This counterintuitive result un-
derscores the importance of proper hyperparameter
selection and validates the careful design of the
DRNash framework, where reliable group loss es-
timation is ensured through adequate batch sizes
before worst-case aggregation is applied.

Appendix A.24: Sensitivity: Parameter 7

This appendix investigates how the robustness pa-
rameter 77 in the DRO component affects model
performance. The parameter 1 controls the trade-
off between average-case optimization (standard
ERM) and worst-case optimization over sentiment
groups, representing a fundamentally different sen-
sitivity dimension compared to the structural pa-
rameters K and B.

A.24.1 Experimental Setup

We evaluate eight configurations
of the robustness parameter: n €
{0.1,0.5,1.0,2.0, 5.0, 10.0, 50.0, 100.0}. All
other hyperparameters are fixed: number of
groups K = 5, batch size 32, learning rate
1 x 1075, and 100 training epochs. We use
Twitter-RoBERTa-Large as the backbone model.

The DRO loss function is defined as:

K
PR = Lo (Z G exp(nLﬁ’”)) ., (69)
" k=1

where the optimal worst-case weights take the form
q X G exp(nLgk)). The parameter 7 governs how
aggressively the optimization focuses on underper-
forming groups: when 1 — 0, the formulation re-
covers standard weighted averaging (ERM); when
7 — 00, it approaches pure worst-case optimiza-
tion focusing solely on the maximum group loss.

A.24.2 Baseline References

To contextualize the ablation results, we provide
critical reference performance levels. Single Task
regression achieves MSE of 0.0239 (NEU), 0.0253
(FXE), and 0.0230 (INV). Constant Weight MTL
improves to 0.0231, 0.0244, and 0.0222 respec-
tively. MTL + NTC only (without DRO) achieves
0.0217, 0.0231, and 0.0210 respectively. DRNash
with n = 1.0 achieves optimal performance at
0.0187, 0.0202, and 0.0183. Ceritically, as n — 0,
the DRO component becomes ineffective and the
framework should converge toward MTL + NTC
only performance. At extreme large 7 values, per-
formance can degrade below Single Task baseline
due to over-aggressive worst-case optimization.

A.24.3 Results and Analysis

The results in Table 33 reveal a U-shaped perfor-
mance curve with pronounced asymmetry: large n
values cause substantially more severe degradation
than small values, and the dataset-specific sensitiv-
ity patterns differ fundamentally between the two
extremes.

Small  Regime (1 < 0.5): Convergence to NTC-
only Behavior. When 7 is small, the DRO for-
mulation approaches standard empirical risk mini-
mization. Using Taylor expansion, when 7 is small:

LPRO ~ [ + gVar(Lk),

where L is the average loss and Var(Ly) is the
group loss variance. This means the worst-case
weights g o exp(nLEk)) become nearly uniform,
effectively disabling the robustness mechanism.
At 7 = 0.1, the exponential weight ratio be-
tween high-loss and low-loss groups is merely
exp(0.1 x0.025)/ exp(0.1 x 0.01) ~ 1.0015, pro-
viding negligible differentiation. Performance de-

grades by 13.7% to 15.5% compared to optimal,
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Table 33: Sensitivity analysis on robustness parameter
1 using Twitter-RoBERTa-Large with K = 5. Bold:
best results. AMSE shows relative change compared to
n = 1.0. Entries marked with t indicate performance
worse than Single Task baseline.

n | Dataset | MSE, MAE| R?*t ACC | AMSE
NEU 00216 0.1048 7531 7578 | +15.5%
0.1 | FXE 00230 0.1082 7481 75.12 | +13.9%
INV 00208 0.1028 76.14 7623 | +13.7%
Average | 0.0218 0.1053 7542 7571 | +14.4%
NEU 0.0201 0.1012 77.00 7656 | +7.5%
05 | FXE 0.0214 0.1043 76.52 75.89 | +5.9%
INV 00193 00991 77.86 7734 | +55%
Average | 0.0203 0.1015 77.13 76.60 | +6.3%
NEU 0.0187 0.0978 7850 77.34 | —
10 | FXE 0.0202 01015 77.82 76.78 | —
INV 0.0183  0.0965 79.00 78.09 | —
Average | 0.0191 0.0986 78.44 77.40 | —
NEU 0.0195 0.0996 77.69 76.89 | +4.3%
20 | FXE 00215 0.1046 7641 7578 | +6.4%
INV 00188 0.0978 7843 77.67 | +2.7%
Average | 0.0199 0.1007 7751 76.78 | +4.5%
NEU 00213 0.1041 7563 7545 | +13.9%
50 | FXE 0.0241  0.1107 73.59 73.89 | +19.3%
INV 00202 0.1014 76.83 76.12 | +10.4%
Average | 0.0219 0.1054 7535 75.15 | +14.5%
NEU 00236 0.1095 73.00 74.12 | +262%
100 | FXE 0.0278" 0.1188 69.53 71.56 | +37.6%
INV 00225 0.1069 7420 74.89 | +23.0%
Average | 0.0246 0.1117 7224 7352 | +28.9%
NEU | 0.0262f 0.1154 70.03 7245 | +40.1%
50.0 | FXE 0.0318"  0.1271 65.17 68.78 | +57.4%
INV 002517 0.1129 7123 72.89 | +37.2%
Average | 0.02771 0.1185 68.81 71.37 | +44.9%
NEU | 002821 0.1197 67.75 7123 | +50.8%
100.0 | FXE 003527 0.1337 6144 66.45 | +74.3%
INV 0.02707  0.1172 69.05 71.56 | +47.5%
| Average | 0.0301T 0.1235 66.08 69.75 | +57.5%

but critically, the degradation is nearly uniform
across all three datasets (range of only 1.8%). This
uniformity is theoretically expected: when DRO
provides minimal robustness, all datasets converge
toward similar NTC-only behavior.

Comparing with MTL + NTC only baseline
(which achieves MSE of 0.0217, 0.0231, 0.0210
for NEU, FXE, INV), the n = 0.1 configuration
(0.0216, 0.0230, 0.0208) is within 1% of this the-
oretical limit, confirming that small 7 effectively
disables DRO without introducing additional harm.

At n = 0.5, partial robustness is recovered with
5.5% to 7.5% degradation. The dataset-specific
differences remain small (range of 2.0%), as the
exponential weighting still provides limited differ-
entiation between groups.

Large n Regime (1 > 5.0): Over-compensation
and Dataset-dependent Failure. When 7 is
large, the optimization over-compensates by fo-
cusing excessively on the worst-performing group.
Unlike small  which merely disables robustness,
large n actively misallocates optimization effort,
causing performance to degrade more severely and
with pronounced dataset-specific patterns.

At n = 5.0, degradation ranges from 10.4%
(INV) to 19.3% (FXE), with FXE showing nearly
twice the sensitivity of INV. This gap widens dra-
matically at larger n values. At n = 10.0, FXE
(MSE 0.0278) crosses below its Single Task base-
line (0.0253), representing a 9.9% degradation be-
yond even the no-MTL baseline. NEU and INV
remain above their respective baselines but show
substantial degradation (26.2% and 23.0%).

At n = 50.0, all three datasets perform
worse than their Single Task baselines: NEU
achieves 0.0262 versus 0.0239 (+9.6% worse),
FXE achieves 0.0318 versus 0.0253 (+25.7%
worse), and INV achieves 0.0251 versus 0.0230
(+9.1% worse). The degradation relative to opti-
mal DRNash reaches 40.1%, 57.4%, and 37.2%
respectively.

At n = 100.0, the failure becomes extreme.
FXE degrades by 74.3% compared to optimal,
achieving MSE of 0.0352, which represents 39.1%
degradation beyond Single Task baseline. NEU
(50.8% degradation) and INV (47.5% degradation)
show similarly severe but less extreme patterns.

Dataset-specific Sensitivity Analysis. The diver-
gent sensitivity between datasets at large n reflects
their distributional characteristics:

Table 34: Dataset characteristics and sensitivity pat-
terns.

Dataset ‘ Samples  Std Characteristic

NEU 12,780  0.312 Wide, medium
FXE 10,461 0.258 Concentrated, small
INV 23,241  0.303 Medium, large

| Aatn=01 A aty=100

+15.5% +50.8%
+13.9% +74.3%
+13.7% +47.5%

FXE exhibits the highest sensitivity at large 1
due to two compounding factors. First, its smaller
dataset makes the estimated group losses nois-
ier. When 7 is large, the exponential weighting
exp(nLgk)) amplifies these small differences, but
it equally amplifies estimation noise. Second, its
smallest sample size (10,461) provides less stable
per-batch group loss estimates. Together, these fac-
tors cause the worst-case weights to be dominated
by random batch-to-batch variations rather than
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genuine performance differences at large 7.

In contrast, INV’s larger sample size (23,241)
provides more stable loss estimates, which makes
the estimated group losses less susceptible to noise
amplification. This explains why INV maintains
the lowest sensitivity across all large 1 configura-
tions.

Asymmetry of the U-shaped Curve. The asym-
metry between small and large n regimes is sub-
stantial:

Table 35: Comparison of degradation between small
and large n extremes.

Dataset | 7=0.1 A 7=100 A | Ratio

NEU +15.5%  +50.8% | 3.3x
FXE +13.9%  +743% | 53x
INV +13.7%  +47.5% | 3.5x
Average | +144%  +57.5% | 4.0x

The maximum degradation at large n (+74.3%
for FXE at n = 100) is approximately 5x worse
than the maximum at small 7 (+15.5% for NEU
at » = 0.1). This asymmetry reflects qualita-
tively different failure modes. When 7 is too small,
the model simply reverts to NTC-only behavior,
which is suboptimal but still learns from all data
consistently. When 7 is too large, the model ac-
tively discards information from well-performing
groups while chasing noisy estimates of the worst-
performing group, compounding errors through
both data inefficiency and gradient instability.

Evolution of Dataset-specific Differences. The
gap between datasets evolves systematically with

n:

Table 36: FXE vs INV degradation gap across 7 values.

n | FXEA INVA | Gap
0.1 | +13.9% +13.7% | 0.2%
05 | +59% +5.5% | 0.4%
1.0 — — 0%
20 | +64% +27% | 3.7%
50 | +193% +104% | 8.9%
100 | +37.6% +23.0% | 14.6%
500 | +57.4% +37.2% | 20.2%
100.0 | +74.3% +47.5% | 26.8%

At small 1 (< 0.5), all datasets exhibit nearly
identical degradation (gap <0.5%) because the ro-
bustness mechanism is uniformly disabled. As 7
increases beyond the optimal value, the gap ex-
pands monotonically, reaching 26.8% at n = 100.

This pattern confirms that dataset-specific charac-
teristics only become relevant when the robustness
mechanism is actively engaged, and their impact
amplifies with the aggressiveness of worst-case op-
timization.

A.24.4 Practical Guidelines

Based on our analysis, we provide the following
recommendations for selecting 7:

* Default recommendation: = 1.0 provides
optimal performance across all datasets and
should be used unless specific requirements
dictate otherwise.

» Safe range: 7 € [0.5,2.0] maintains perfor-
mance within 7.5% of optimal for all datasets.
Within this range, slightly lower n (e.g., 0.8)
is preferable for smaller datasets similar to
FXE.

* Avoid 7 > 5.0: Degradation exceeds 10%
and dataset-specific sensitivity becomes un-
predictable.

* Never use > 50: All datasets perform
worse than Single Task baseline, indicating
that DRO actively harms rather than helps op-
timization.

A.24.5 Comparison with Batch Size Sensitivity

The 7 ablation shares important similarities with
the batch size ablation (Appendix A.23): both can
cause performance to degrade below Single Task
baseline under extreme configurations. However,
the mechanisms differ fundamentally:

* Small batch sizes cause DRO to fail because
group loss estimates are unreliable due to in-
sufficient samples per group. The failure is
driven by estimation variance.

» Large n) causes DRO to fail because even with
reliable estimates, the exponential amplifica-
tion makes optimization overly sensitive to
small differences. The failure is driven by
amplification sensitivity.

Both represent cases where the robustness mech-
anism becomes harmful rather than helpful, but
they respond differently to mitigation strategies. In-
creasing batch size directly addresses estimation
variance, while reducing 1 addresses amplification
sensitivity.
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A.24.6 Summary

The robustness parameter 1 exhibits a U-shaped
sensitivity curve with pronounced asymmetry:

1. Small n (< 0.5): Degradation is moderate
(5.5% to 15.5%) and uniform across datasets,
as DRO converges toward NTC-only behav-
ior.

2. Optimal 7 (1.0): Best performance achieved
with appropriate balance between average-
case and worst-case optimization.

3. Large n) (> 5.0): Degradation is severe (10%
to 74%) and dataset-dependent, with FXE
showing 5 x higher sensitivity than at small 7.

4. Extreme 1 (> 50): All datasets perform
worse than Single Task baseline, demonstrat-
ing that over-aggressive robustness is more
harmful than no robustness at all.

Practitioners should maintain 7 within the range
[0.5,2.0] to ensure stable performance, with =
1.0 as the recommended default.

Appendix A.25: Ablation Study
Visualizations

This appendix provides visualizations of the abla-
tion studies conducted on the INV dataset using
Twitter-RoBERTa-Large. Each figure illustrates
key findings from the detailed analyses presented
in Appendices A.21 to A.24.

A.25.1 Component Ablation

0.026 1

== Single Task
-- Constant Weight MTL

0.024

w 0022 4
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Single Constant MTL+DRO  MTL+NTC DRNash
Task Weight only only (Full)

Figure 10: Component ablation study showing MSE
performance of different configurations.

Figure 10 demonstrates the independent and syn-
ergistic contributions of the two core components
in DRNash. Starting from the Single Task baseline
(MSE 0.0230), adding multi-task learning with con-
stant weights reduces MSE to 0.0222. The DRO
component alone achieves 0.0206, representing a
7.2% improvement over Constant Weight MTL,
while NTC alone achieves 0.0210, representing a
5.4% improvement. The full DRNash framework
combining both components achieves the best per-
formance at 0.0183, which corresponds to a 17.6%
improvement over Constant Weight MTL. Notably,
this improvement exceeds the sum of individual
contributions (12.6%), confirming a synergistic ef-
fect of approximately 5.0% that validates our hy-
pothesis about the coupled nature of data-level and
task-level challenges.

A.25.2 Sensitivity to Group Number K
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Figure 11: Sensitivity analysis on the number of senti-
ment groups K.

Figure 11 illustrates the impact of sentiment
group granularity on DRNash performance. The
optimal configuration is K = 5 with MSE of
0.0183. Using K = 3 degrades performance to
0.0198 (8.2% worse) due to insufficient granularity
that prevents DRO from distinguishing truly ex-
treme samples from moderate ones within the same
group. Using K = 7 results in MSE of 0.0190
(3.8% worse) due to sample sparsity in extreme
groups, which leads to noisier loss estimates. Im-
portantly, all configurations remain substantially
below both the Single Task (0.0230) and Constant
Weight MTL (0.0222) baselines, confirming that
DRO provides value even with suboptimal group
settings. The INV dataset shows the smallest degra-
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dation at K = 7 among all datasets due to its larger
sample size (23,241) providing more stable group
loss estimates.

A.25.3 Sensitivity to Batch Size
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Stable (B = 24)
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Figure 12: Sensitivity analysis on batch size with regime
annotations.

Figure 12 reveals the same performance regimes
identified in Appendix A.23. In the harmful regime
(B £ 12), DRO degrades performance below the
Single Task baseline, with B = 8 achieving MSE
of 0.0259 (12.6% worse than Single Task) and
B = 12 achieving 0.0240 (4.3% worse). This
occurs because insufficient samples per group (1.6
to 2.4 expected) produce noisy loss estimates that
mislead the worst-case optimization. The recov-
ery regime (16 < B < 24) shows progressive
improvement as batch size increases, crossing be-
low both baselines. The stable regime (B > 24)
approaches optimal performance, with B = 32
achieving 0.0183. Further increases to B = 40 pro-
vide marginal gains (0.0181), indicating saturation.
The practical guideline is to maintain B/K > 5
for reliable group coverage.

A.25.4 Sensitivity to Robustness Parameter 7

Figure 13 exhibits a pronounced U-shaped perfor-
mance curve with notable asymmetry. The optimal
value is n = 1.0 with MSE of 0.0183. When 7 is
too small (< 0.5), DRO approaches standard aver-
aging and performance degrades moderately, with
1 = 0.1 achieving 0.0208 (13.7% worse than opti-
mal). When 7 is too large (> 5), over-aggressive
worst-case optimization causes severe degradation.
At n = 10, MSE reaches 0.0225, approaching the

0.026 7

Under-robust (n < 0.5)
Optimal Range
Over-robust (n = 5)

— = Single Task
Constant Weight MTL

0.024 4

w 0.022 4
)
=
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Figure 13: Sensitivity analysis on robustness parameter
1 showing U-shaped performance curve.

Single Task baseline. At 7 = 50 and beyond, per-
formance becomes catastrophically worse than Sin-
gle Task, with n = 50 achieving 0.0251 (9.1%
worse than Single Task) and n = 100 achieving
0.0270 (17.4% worse); the latter falls above the
vertical range plotted in Figure 13 and is reported
in full in Table 33. The asymmetry reflects different
failure modes: small 1 merely disables robustness,
while large n actively misallocates optimization
effort based on amplified noise.
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