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Abstract

Recent LLMs have enabled significant advance-
ments for conversational agents. However, they
are also well known to hallucinate, producing
responses that seem plausible but are factually
incorrect. On the other hand, users tend to
over-rely on LLM-based Al agents, accepting
Al’s suggestion even when it is wrong. Adding
positive friction, such as explanations or get-
ting user confirmations, has been proposed as
a mitigation in Al-supported decision-making
systems. In this paper, we propose an account-
ability model for LLM-based task-oriented di-
alogue agents to address user overreliance via
friction turns in cases of model uncertainty and
errors associated with dialogue state tracking
(DST). The accountability model is an aug-
mented LLM with an additional accountabil-
ity head that functions as a binary classifier to
predict the relevant slots of the dialogue state
mentioned in the conversation. We perform our
experiments with multiple backbone LLMs on
two established benchmarks (MultiwOZ and
Snips). Our empirical findings demonstrate that
the proposed approach not only enables reliable
estimation of Al agent errors but also guides
the decoder in generating more accurate ac-
tions. We observe around 3% absolute improve-
ment in joint goal accuracy (JGA) of DST out-
put by incorporating accountability heads into
modern LLMs. Self-correcting the detected
errors further increases the JGA from 67.13
to 70.51, achieving state-of-the-art DST per-
formance. Finally, we show that error correc-
tion through user confirmations (friction turn)
achieves a similar performance gain, highlight-
ing its potential to reduce user overreliance. !

1 Introduction

Conversational agents have reached remarkable ad-
vancements with the advent of large language mod-

!Code available at github.com/uiuc-conversational-ai-
lab/Accountable-DST
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Figure 1: Overview of Accountability Modeling. The
model simultaneously generates the dialogue state and
estimates the probability of each slot (being included
in the dialogue state). Based on these probabilities,
it identifies potential errors, which can either be self-
corrected using a dedicated algorithm or confirmed by
the user through clarification questions.

els (LLMs). However, they are prone to halluci-
nations, generating information that is incorrect or
not grounded in reality (Ji et al., 2023; Huang et al.,
2023). At the same time, users often tend to over-
rely on LLM-based Al agents, accepting Al sug-
gestions even when they are erroneous (Passi and
Vorvoreanu, 2022; Klingbeil et al., 2024). In task-
oriented conversations, such overreliance causes in-
correct or incomplete task execution, undermining
the system’s reliability. To address this issue, we
employ accountability modeling, where account-
ability refers to the model’s ability to explain or
justify its actions (Doshi-Velez et al., 2019; Nov-
elli et al., 2022). Accountability modeling of task-
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oriented dialogue systems enables the identifica-
tion and resolution of errors or unintended conse-
quences, thereby alleviating user overreliance.
Task-oriented dialogue systems (TODS) are de-
signed to assist users in completing a task or goal
through conversations. Dialogue state tracking
(DST) is a crucial component of TODS that ac-
counts for understanding the user intentions and
keeping track of the dialogue state. The dialogue
state contains the intents communicated by the user
and is generally represented as a set of slot-value
pairs. The DST task is to predict the dialogue state
after each user turn, as shown in Fig. 1. It can
also be seen as a function or API call in end-to-end
TODS (Li et al., 2024b; Xu et al., 2024). There are
three types of error associated with DST output:

¢ False Positives: Predicted slots that were not
mentioned in the dialogue so far.

» False Negatives: Slots that were mentioned
in the dialogue but are missing from the pre-
dicted dialogue state.

e Value Errors: The slot is relevant, but its
value is wrong with respect to the dialogue
context.

Task-oriented dialogues are highly sensitive to
these errors, as even a single mistake can signif-
icantly alter the conversation’s trajectory. LLM-
based DST models generally predict the correct
slot value for the relevant slots, making value errors
a minor concern. However, false positive/negative
errors occur more frequently and are critical to task
success. For instance, in Fig. 1, the model ini-
tially predicts {attraction-type: park} as the
dialogue state, causing attraction-areato be a
false negative slot for this prediction. As a result,
the system may recommend parks that are not near
or centre of the town, potentially leading the user
to book an unsuitable option due to overreliance on
the system. Such issues can degrade the user expe-
rience in real-world task-oriented conversations.
In this work, we propose an accountability model
for task-oriented conversations to mitigate user
overreliance. Our approach aims to enhance the
prediction of DST by detecting and correcting false
positive and false negative errors, thereby ensur-
ing greater accountability. To achieve this, we in-
tegrate an accountability head into the backbone
LLMs, which is a binary classifier to predict the
slots in the dialogue state. This augmented LLM

not only generates the dialogue state but also esti-
mates the probability of each slot being included
in the dialogue state. The slot probabilities help to
identify the possible false positive/negative slots.
These errors are then self-corrected using a dedi-
cated algorithm (Algorithm 1) that removes false
positive slots and adds false negative slots (with the
appropriate values), thereby improving the accu-
racy of DST prediction. For instance in Fig. 1, the
ground-truth dialogue state is {attraction-type:
park, attraction-area: centre}. However,
the model initially predicted {attraction-type:
park}. This results in a false negative, as the
prediction does not contain attraction-area:
centre. The accountability head assigns a high
probability (0.81) to the slot attraction-area,
identifying it as a potential false negative. In Fig. 1,
the model self-corrects this error by generating the
value for attraction-area (i.e. centre) using Algo-
rithm 1 and adds it to the initial prediction, thereby
successfully correcting the dialogue state.

Rather than self-correcting, the conversational
agent can also confirm the detected errors with the
user through a conversation turn. For example in
Fig. 1, the model asks a clarification question to
the user to confirm the error, which helps to rectify
the mistake. In recent literature, such mindful inter-
actions or friction turns prompting analytical think-
ing have been explored to address overreliance on
Al (Mejtoft et al., 2019; Naiseh et al., 2021; inan
et al., 2025). Therefore, slot probabilities from
the accountability head can help introduce friction
turns, such as confirming model uncertainty and
errors, to mitigate user overreliance. The contribu-
tions of this work are as follows:

* We propose a generative LLM-based account-
ability model for DST capable of detecting
false positives and false negatives.

* Accountability modeling improves the DST
performance of backbone LLMs on two
widely used corpora (MultiWwOZ and Snips).
For MultiWQOZ, the injection of the account-
ability head in Llama, Mistral, and Gemma
shows an absolute improvement of approxi-
mately 3% in joint goal accuracy.

* Self-correcting errors identified by the ac-
countability head further enhance the dialogue
state prediction, achieving 70.51% joint goal
accuracy and surpassing the performance of
state-of-the-art DST models.
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Figure 2: Model architecture of the LLM-based generative accountability modeling for DST.

* Accountability modeling enables the correc-
tion of dialogue states via user confirmations
which achieves a performance gain compara-
ble to the self-correction strategy, highlighting
its potential to reduce user overreliance.

2 Related Work

DST was initially solved independently from the
other TODS modules. In this approach, DST is
formulated as a slot-filling task, where the task is
to find the relevant slots and then fill out the slot
values. Finding the relevant slots is posed as a
classification task, while various strategies have
been explored to find the slot values like pick-list-
based (Mrksi¢ et al., 2017; Nouri and Hosseini-
Asl, 2018; Zhong et al., 2018), generative (Wu
et al., 2019; Kim et al., 2020), and reading compre-
hension (Gao et al., 2019; Heck et al., 2020; Dey
and Desarkar, 2021). Although using models with
fewer parameters compared to modern LLMs, these
methods exhibit decent DST performance. With
additional training with synthetic data and sophis-
ticated training, these models have been shown to
achieve state-of-the-art DST performance (Ye et al.,
2022a,c). However, they are difficult to extend to
an end-to-end TODS framework.

With the advancements in Transformer (Vaswani
et al., 2017) based LLMs, the paradigm shifted to-
wards fully generative and end-to-end modeling of
TODS (Hosseini-Asl et al., 2020; Lin et al., 2020;
Mehri et al., 2020). These methods show com-
petitive DST performance compared to the earlier
methods. Recently, prompt-based LLM methods
have been studied extensively for zero-shot and
few-shot DST (Hu et al., 2022; Su et al., 2022;
Hudecek and Dusek, 2023; Xu et al., 2024). De-
spite their impressive performance, confidence esti-
mation of dialogue states in generative LLM-based

methods is challenging. LLMs are generally over-
confident with the predictions, resulting in high
confidence even for spurious predictions (Huang
et al., 2024; Xiong et al., 2024; Li et al., 2024a).
In recent work, Sun et al. (2024) addresses the
problem of reliable confidence estimation for DST.
However, estimating the confidence for the false
negatives is not possible as they are not part of the
generated dialogue state (Feng et al., 2023a; Xu
et al., 2024). Note that slot-filling-based methods
are not susceptible to this issue as they have dedi-
cated classifiers to predict the slots. This work aims
to combine the advantages of both approaches for
accountability modeling of DST.

3 Methodology

This section presents a brief background of LLM-
based generative DST, followed by our proposed
accountability model and its application in correct-
ing predicted dialogue states.

3.1 Generative DST

In this method, DST is solved like standard nat-
ural language generation tasks using LLMs. Let
D, = {(So,Up),...(Sn, Uy,)} be a task-oriented di-
alogue where Sy and U, represent the system and
user utterances at turn ¢, respectively. Let Cy rep-
resent the dialogue context, which includes D; as
well as optional task-related information and slot
descriptions. Let B; = {s1 : vy, s2 : v, ...} be the
dialogue state at turn ¢ where (s;, v;) represents the
i slot-value pair. For multi-domain datasets (like
MultiWOZ and Snips), s; is expressed as domain-
slot pair. The LLM is trained using the standard
language model (LM) loss, defined as follows,

T
1
Lis =~ Y logp(By,|Bic,, Cis6) (1)

n=1

28832



where 6 denote the parameters of the LLM and By,
is the n'" token of the tokenized B; with T tokens.

3.2 Accountability Modeling for DST (AMD)

In this work, we propose to add an accountability
head to make the LL.M-based DST generation ac-
countable. The accountability head functions as a
classifier to determine whether a slot has been spec-
ified in the given context. Let ¢, € R4 be the encod-
ing of the last token (separator or end-of-sentence)
of the context C;, as shown in Fig. 2. Then, the
binary-cross entropy (BCE) of the accountability
head for a turn ¢ is computed as follows.

p = o(LIN(¢y)) € RI¥! )
1
Leow = 15 > (yslog pe+(1—ys)-(1-log ps))
seS
€))

where S is the set of slots, o is the element-wise
sigmoid operation, LIN represents a linear layer,
ps denotes the probability of slot s, and ys € {0, 1}
indicates the label for slot classification denoting
the presence/absence of slot s in the ground-truth
dialogue state (B;). The final training objective of
the accountability model is defined as follows.

£Account = L:LM + A EBCE (4)

where \ € [0, 1] is a hyperparameter to control the
weight of the BCE loss. Note that we do not gener-
ate the dialogue policy or response, as our primary
objective is to study the utility of accountability
modeling in preventing user overreliance. We plan
to explore the complete end-to-end modeling with
an accountability head as an extension of this work.

The accountability head helps estimate the slot
probabilities for all the slots, which can be used to
detect the false positive and negative slots in the
predicted dialogue state. Furthermore, the inclu-
sion of the accountability head acts as an auxiliary
loss that helps in the learning of dialogue state gen-
eration. Any information about the correct slots
can make the dialogue state generation easier. Note
that ¢, is learned to optimize both Lpcr and L.
Therefore, ¢, encodes the knowledge about the rel-
evant slots, which can improve the accuracy of the
generation of the dialogue state. A similar strategy
has been shown to be effective in open-domain dia-
logue generation, where predicting response key-
words beforehand can guide and improve response
generation (Dey and Desarkar, 2024).

Algorithm 1: Dialogue State Correction

Input:

B = predicted dialogue state,

S = set of slots,

p = slot probabilities,

Tgp = false positive threshold,

T, = false negative threshold,

D = dialogue history.

Output: Corrected dialogue state (B')
1 B'={}

/* Step 1: Filtering false positives */
2 for slot, value € B do
if pgior > Ttp then

‘ B'[slot] + value
/* Step 2: Add false negatives */
S’ < Set of slots in B
for slot € S\ S’ do

if pgot > e, then
B'[slot] +
generateSlotValue(D, B, slot)

9 return B’

&~

®w N & !

3.3 Dialogue State Correction using
Accountability Model

The slot probabilities output by the classifier can
be used to self-correct (SC) the generated dialogue
state, either by removing slot-value pairs from the
dialogue state or forcing the LLM to continue state
generation by providing it with the missing slot
names. Algo 1 shows the dialogue state correction
algorithm. Let ¢, and 75, be the false positive and
false negative thresholds. Let B be the generated
dialogue state and p € R be the slot probabilities
of the classifier.

The first step of Algo 1 attempts to filter the
possible false positives, while the second step
helps to include the possible false negatives. Let
generateSlotValue() be the function to generate
the slot value for false negative slots (Line 8,
Algo 1). The function generates the slot value
for a given slot by appending the slot name to the
generated dialogue state (B) and runs the model
decoder to complete the generation. We select the
optimal 7¢, and 7¢, that maximizes the joint goal
accuracy of the validation set using grid search.

Instead of self-correcting, we can correct the
detected errors through user confirmation. This
experimentation is discussed in Section 6.
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Dataset #Slots| Mode #Dialogues | #Turns
Train 8420 56668
MultiwOZ | 30 Validation 1000 7374
Test 999 7368
Train 13084 13084
Snips 53 Validation 700 700
Test 700 700

Table 1: Data statistics of MultiWOZ and Snips.

4 Experiment Setup
4.1 Dataset

We experiment with two widely used datasets: 1)
MultiWOZ (Budzianowski et al., 2018), and ii)
Snips (Coucke et al., 2018). MultiWwOZ is one
of the largest multi-domain conversation corpora
for task-oriented dialogue, containing multi-turn
conversations. We use MultiwOZ 2.4 (Ye et al.,
2022b), which contains fewer annotation errors and
inconsistencies than the other MultiwOZ versions.
On the other hand, Snips is a similar dataset for
spoken language understanding, containing only
single-turn conversations. The basic statistics of
both datasets are shown in Table 1.

4.2 Evaluation Metric

DST is primarily evaluated using joint goal accu-
racy (JGA). JGA is defined as the percentage of
turns where the predicted dialogue state exactly
matches the ground-truth (Henderson et al., 2014;
Dey et al., 2022). Additionally, we report the Slot-
F1 score, which measures the slot-level F1 perfor-
mance. We also analyze false positive rate (FPR)
and false negative rate (FNR) for certain results.
FPR and FNR are defined as the percentage of
turns containing false positive and false negative
slots, respectively. Let X be the number of turns
containing at least one false positive slot. Let Y be
the number of turns containing at least one false
negative slot. Then, FPR and FNR are defined as
FPR = 19X and FNR = 1%, where T is the
total number of turns in the dataset.

4.3 Model Architectures and Variants

We study the utility of the proposed accountability
model by applying it to three LLMs - Llama 3.1
(8B) (Dubey and et al., 2024), Mistral (7B) (Jiang
et al., 2023), and Gemma (7B) (Team and et al.,
2024). We use the instruction-tuned version of the
three models. The model nomenclature used in our
experiments is described as follows.

* MgpT: Model trained using supervised fine-
tuning (SFT) for dialogue state generation

with only L1\ (Eqn. 1), which is methodolog-
ically similar to LDST (Feng et al., 2023b)
with minor modifications.?

* Mawmp: Proposed Accountability Model for
DST (AMD) with accountability head, fine-
tuned with L ccount (Eqn. 4).

* Mampisc: Mawmp after Self-Correcting
(SC) the dialogue state using Algo 1.

4.4 Training Details

All the models are implemented using the PyTorch
and Huggingface libraries in Python 3.12. We used
LoRA (Hu et al., 2021) finetuning with rank ()
8, @ = 32, and dropout 0.1. We used AdamW
optimizer with learning rate Se-5 to fine-tune both
Mgpt and M anp. We trained all the models for
4 epochs and chose the final model with the mini-
mum validation loss. The prompts used for model
finetuning are provided in Appendix A.2. In Eqn. 4,
the optimal A is selected based on the JGA score
of the validation set. The best A\ was found to be
0.25 except for Mistral-Snips and Gemma-Snips,
where A = 0.1 resulted in the best validation per-
formance. For M anpsc, the false positive (7¢p)
and the false negative (7¢,) threshold is selected
similarly based on the validation performance. We
observed that (0.1, 0.5) and (0.05, 0.9) are the best
(Ttp, Ttn) for MultiWOZ and Snips, respectively.
These optimal values of A, 7¢,, and 7, are used to
show the test performance in the rest of the article.

Further details on prompts, training, and infer-
ence are provided in Section A.2.

5 Results and Analysis

5.1 DST Performance

Table 2 compares the DST performance of the dif-
ferent model variants described in Section 4.3. Ta-
ble 3 shows the comparison with the previous base-
lines. The observations are summarized as follows.

Impact of Accountability Head: In Table 2,
we observe that adding the accountability head
in Manp improves the performance of Mgpr.
Both joint goal accuracy (JGA) and Slot-F1 are im-
proved for all the backbone models in both datasets.
Overall, in MultiwOZ, we can observe an absolute
improvement of around 3%. Similarly, we observe

21.DST (Feng et al., 2023b) is trained to generate the
value for a single slot where all possible slot-values from
the database is provided in the context as meta-data, limiting

its scalability. In contrast, Mgp is trained to generate the
full dialogue state without using any such meta-data.
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Model | Type MultiwWOZ Snips
JGA T Slot-F1T FPR] FNR] | JGAT Slot-F1IT FPR]| FNR]
Mspr 64.34 95.23 12.17 2372 | 9243 97.76 5.14 4.71
Llama Mamp 67.13 143 95.90 13.17 1828 | 93.57 112 98.00 4.71 4.43
Mampsc 70.51 195 96.51 12.83 14.44 | 93.71 414 98.17 4.00 4.00
Msrr 65.86 95.68 11.90 2041 | 92.57 97.57 6.28 5.28
Mistral Mawmp 68.58 14,1 96.19 11.35 1694 | 93.71 112 98.06 4.85 4.43
Mamp+sc 69.84 160 96.37 12.74 14.19 | 94.00 ; ;5 98.17 4.57 4.14
Mspr 62.12 95.05 6.35 28.84 | 9143 97.37 5.71 5.29
Gemma Mamp 65.05 147 95.68 12.47 20.15 91.86 105 97.86 5.43 5.29
Mamp+sc 66.27 167 96.03 16.08 15.08 | 92.00 405 98.00 5.14 5.14

Table 2: Comparison of the DST performance on the MultiWOZ 2.4 and Snips test datasets with different LLM
backbones. The relative JGA improvement of proposed M anip and M anmp4sc, compared to the respective Mgpr
baseline, is highlighted in blue. The best results are indicated in bold font.

Type Model JGA Type Tip | T | Costf JGAT FPR| FNR|
Zero-Shot| GPT-40 (Sun et al., 2024) 36.10 Mavp | O 1 0 67.13 13.17 18.28
Few-Shot IC-DST (Hu et al., 2022) 62.43 Filter 0.1 1 0 68.15 11.16 18.92
OrchestraLLM (Lee et al., 2024b) 52.68 False 02| 1 0 68.01 9.54 20.63
CorrectionL.M (Lee et al., 2024a) 57.35 Positives | 0.3 | 1 0 67.24 8.24 22.86
TRADE (Wu et al., 2019) 55.05 0 091 1.5 67.55 13.59 17.19
SUMBT (Lee et al., 2019) 61.86 Add False| 0 0.7 4.7 68.59 14.68 14.60
SimpleTOD (Hosseini-Asl et al., 2020) | 57.18 Negatives| 0 05175 69.31 16.39 12.11
TripPy (Heck et al., 2020) 64.75 0 04| 89 68.97 18.28 10.74
SFT SOM-DST (Kim et al., 2020) 66.78
Seq2Seq (Zhao et al., 2021) 67.10  Table 4: Impact of false positive and negative threshold
TripPy-R (Heck et al., 2022) 6987 on dialogue state correction in MultiWOZ 2.4 test set
LDST (Feng et al., 2023b) (10% data) | 62.45 . » )
Mo (Ours) 6713  With Llama. “Cost” denotes the %turns where the model
Mampisc (Ours) 70.51  generated values for false negative correction.

Table 3: JGA comparison between various DST models
on the MultiWOZ 2.4 test data.

approximately 1% improvement for Snips. The
margin of improvement in Snips is lower as it is rel-
atively easier than MultiWOZ. The improvement in
JGA with the accountability head can be attributed
to the significant reduction in FNR for MultiwWOZ
and the reduction in both FPR and FNR for Snips.

Impact of Self-Correction: M anpisc self-
corrects the predicted dialogue states of M anp
using Algo 1. We use the optimal 7¢, and 7, thresh-
olds that maximize the JGA of the validation set (as
described in Section 4.4). We can observe that self-
correcting the dialogue state improves DST perfor-
mance significantly. Considering the best results
in Table 2, M anmD+sc improves the performance
of the baseline MgpT model by 9.6% and 1.5%
for MultiWOZ and Snips, respectively. We also
observe that correcting false negatives significantly
reduces the FNR in both MultiWOZ and Snips.
However, false negative correction can sometimes
introduce spurious slots (discussed in Section 5.2),
leading to a higher FPR in M anp4sc compared
to Manmp in certain MultiWOZ instances where
false negatives are more prevalent than false posi-
tives. This happens because we optimized 7, and

Trn to maximize JGA rather than FPR or FNR. In
Snips, self-correction reduces both FPR and FNR
because of the more balanced occurrence of false
positives and false negatives.

Comparison with previous baselines: Table 3
compares our proposed Manp and Mampysc
with various zero-shot, few-shot, and supervised
fine-tuning (SFT) baselines on the MultiwOZ 2.4
dataset. The results demonstrate that M anDysC
outperforms both zero-shot and few-shot baselines
and achieves state-of-the-art performance com-
pared to SFT baselines. For fair comparison, we do
not consider models such as STAR (Ye et al., 2021)
and ASSIST (Ye et al., 2022a) that use additional
synthetic data for training and generally achieve
higher JGA (around 80%).

5.2 Impact of Varying False Positive and False
Negative Threshold

In this section, we study the impact of varying
the false positive threshold (7¢,) and false negative
threshold (7¢,) while correcting the dialogue states
using Algo 1. Table 4 shows the change in DST
performance by varying 7, and 7¢,. In our setup,
Trp = 0 and 7¢, = 1 indicate no correction for false
positives and false negatives, respectively.

Firstly, we study the impact of filtering only pos-
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Figure 3: Performance gain (JGA) with varying 7,
and 7, on MultiwOZ 2.4 test set with Llama. The z-
axis shows the %turns with false negative correction.
On average, 1.1 slots have been involved in the false
negative corrections consistently over the range of this
plot. Hence, we did not include it in the depiction.

sible false positive slots whose probabilities are less
than ¢, (Line 3-4, Algo 1). We can observe that
increasing 7, reduces FPR. However, this process
also filters correct slots with pgo; < 7¢p, thereby
increasing the FNR. As a result, we can observe
that the JGA starts degrading when 7¢, > 0.1 due
to increasing FNR. Since we are discarding slots
based on a threshold, no additional cost is involved
in generating slot values.

Next, we analyze the impact of correcting only
possible false negative slots with different 74, (Line
5-8, Algo 1). We can observe that decreasing
T, reduces FNR. However, this process also tries
to include false positive slots with pgor > 7Tp,
thereby increasing the FPR. Consequently, JGA
drops when 74, < 0.5. Note that correcting false
negatives involves generating the slot values. In
Table 4, we denote this generation cost by the per-
centage of turns that require slot-value generation
to rectify false negatives. This generation cost is in-
versely proportional to 7¢,. On average, slot values
are generated for 1.1 slots per updated turn.

Fig. 3 shows the summary of the performance
gain achieved with dialogue state correction. We
observe that M a\p+sc significantly enhances the
performance of Mgp (9.6% relative) through self-
corrections. The best performance in MultiWOZ is
achieved with 7¢, = 0.1 and 7, = 0.5. However,
beyond a certain point, the JGA begins to decline
as false negative corrections induce false positives,
as previously discussed. Figure 3 also depicts the
maximum JGA achievable through dialogue state

N MultiwOZ Snips
JGA Slot-F1 | JGA Slot-F1
0 | 64.34 95.23 | 9243 97.76
0.1 | 65.93 95.64 | 92.71 97.82
0.25 | 67.13 95.90 | 93.57 98.01
0.5 | 66.27 95.80 | 93.14 97.87
0.75 | 65.40 95.61 | 93.00 97.84
1.0 | 65.25 95.57 | 92.86 97.72

Table 5: Impact of varying A in Mayp with Llama
backbone on test data.

correction using Manpi+oc Where OC stands
for Oracle-Correction. Instead of self-correcting,
Mamp+oc corrects the output of M anp using
the oracle or ground-truth slot values in Step 2 of
Algo 1. Mamp+oc does not introduce false posi-
tives while addressing false negatives, as only the
slots that correspond to the ground truth are up-
dated. The plot suggests that there is still room to
achieve higher JGA through self-correction.

5.3 Impact A on DST performance

In this ablation study, we vary the value of A in
Eqn. 4. In Table 5, for both datasets, we observe
that the JGA and Slot-F1 increase with A initially
and then start dropping. Note that the primary task
here is to generate the dialogue state for which the
JGA or Slot-F1 is estimated. Now, increasing the A
increases the importance of the accountability head,
which starts affecting the generation head after a
certain point. Therefore, although any A\ € [0, 1]
can improve the base model, a thorough hyperpa-
rameter optimization of A is required to achieve
the best possible DST performance. The validation
performance used to select the optimal value of A
is discussed in Appendix A.1.

5.4 Qualitative Analysis

In this section, we provide a qualitative analysis of
the M ampsc model. Table 6 shows illustrative
examples of the model prediction from the Multi-
WOZ datasets. In the first example, the model de-
tected a false positive slot (restaurant-pricerange)
and filtered it to rectify the prediction. The second
example contains a false negative slot (attraction-
type), which is corrected successfully. In the third
example, the model detects both false positive and
false negative slots and successfully rectifies them.
In the fourth example, the original prediction of
the model is correct. However, self-correction
adds an extra slot (train-departure), which makes
the prediction wrong. The fifth one shows an in-
stance where the algorithm partially corrects an
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Post-
ID Dialogue History Generated dialogue state Predicted Errors Correct
Status
Example #1 gg;nll)r?én elookmg for information in {restaurant-pricerange: False Positive:-
PMUL3514 g, £e . expensive, hotel-pricerange: | restaurant-pricerange: v
(MultiwOZ) 1: I need more spec'1ﬁcs to help you. d hotel o1 X | expensive (0.02)
what type of information do you need? | moderate, hotel-stars: 0} :
Ui: 1 would like a moderately priced
place to stay. but only if it is a O star. I
love a little adventure!
Up: Can you find a theater to go to in .
Example #2 town? {attraction-type: theatre} False Negatlve.—
PMUL3919 S1: Sure, do you have an area of town | X attraction-area: v
(MultiwQz) | ~1: PUre 5o you Aave dontcare (0.6)
you would like to visit?
U;: No, I am not concerned about that.
1[1];; dlﬁﬁlérgmgl;geptlgr;tz trip there but {hotel-area: west, False Positive:-
Example #3 - bPp Y- . hotel-pricerange: cheap, hotel-type: hotel (0.06) | v/
S1: Alexander bed and breakfast is lo- . .
MUL1289 . hotel-internet: yes, False Negative:-
. cated in the centre. They are located at .
(MultivOZ) . hotel-type: hotel} X hotel-name: finches bed
56 saint barnabas road. and breakfast (0.72)
Ui: Hmm, i am looking for a place in ’
the west. It does not need to include
internet.
Sa: finches bed and breakfast is cheap.
Us: okay do they have free wifi?
Up: Can you locate for me a train
Example #4 | that leaves on tuesday after 3:15 pm? {train-leaveat: 15:15 False Negative:-
PMUL1091 | thanks. ) ) "/ train-departure: X
(MultiWOZ) | Si: There is a train that leaves cam- | (rain-day: tuesday} cambridge (0.75)
bridge at 15:00 and arrives at london
kings cross at 15:51 on tuesday.
Uy: That’s too early. I need to leave
after 15:15.
Example #5 Up: Hi there. Can you help me find a hotel - False Negative:-
2 star rated hotel or guest house? {hotel-stars: 2,
MUL2053 S1: Ashley hotel is a 2 star hotel in 74 i . X hotel-name: ashley X
(Multiwoz) | 2 y hotel-internet: yes} hotel (0.81), hotel-type:
chesterton road. hotel (0.52)
Ui : Does that include wifi? ’

Table 6: Illustrative example of dialogue state corrections using the proposed M anpsc model.

error. Here, the model included hotel-name to its
prediction but added a false positive (hotel-type) in
the process because 7, was set to 0.5. This exam-
ple demonstrates how addressing false negatives
can sometimes introduce false positives.

6 Preventing User Overeliance with
Accountability Model

So far, we have focused on analyzing the capability
of the proposed accountability model in detecting
errors and self-correcting them to improve DST
performance. In this section, we discuss its appli-
cation to prevent user overreliance on task-oriented
conversational Al. The approach is based on intro-
ducing positive friction (Inan et al., 2025) like user
confirmations that can eventually lead to successful
task completion. Let E; be the set of erroneous
slot-value pairs predicted by Manp. Given Ey,
a task-oriented conversational agent can introduce
friction turns to get clarification on the unconfident
slots. Introducing such friction turns have been

shown to be helpful in preventing user overreliance
on AI (Naiseh et al., 2021; Inan et al., 2025).

To evaluate this method, we conduct an experi-
ment using a user simulator. We employ “GPT-40
mini” (OpenAl and et al., 2024) as our user simula-
tor, assuming cooperative user behavior. Given the
dialogue history and a slot-value pair (detected as
false negative or false positive), the user simulator
is asked to confirm if it mentioned the slot-value
pair by responding “Agree” (confirms interest) or
“Disagree” (rejects). We correct the dialogue state
by removing the false positive slots and adding
the false negative slots confirmed by the user. A
detailed description of the experimental setup is
provided in Appendix A.2.

Table 7 shows the results of this experiment
where M anmp+uc denotes the User Confirmation
(UC) provided by the simulator. We can observe
that M anmp+Uc achieves comparable performance
to Mamp+sc- Although the user simulator may
not fully reflect actual user behavior, assuming a
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Model Type JGA Slot-F1
Mamp 67.13 95.90
Llama Mamp+sc | 70.49 96.51
Mamvp+uc | 70.78 96.55
Mamp 68.58 96.19
Mistral | Mamp+sc | 69.84 96.37
Mamptuc | 70.21 96.41
Mawmp 65.05 95.68
Gemma | Mamp+sc | 66.27 96.03
Manmpyuc | 66.32 96.05

Table 7: Impact of correcting dialogue state using user
simulator on MultiWOZ test data. SC and UC denote
self-correction and user confirmation, respectively.

cooperative user allows us to interpret the results
in Table 7 as a lower bound on achievable DST per-
formance. A real cooperative user would likely be
even more effective in identifying and confirming
errors, potentially leading to further performance
improvements. Additional improvements may also
be possible through the use of more advanced simu-
lators and refined prompt engineering. Nonetheless,
this experiment demonstrates the practical value of
our accountability modeling framework in reduc-
ing user overreliance in real-world task-oriented
dialogues.

7 Conclusion

In conclusion, we present an LLM-based genera-
tive accountability modeling for task-oriented di-
alogue systems. The core idea of our approach
involves incorporating an accountability head into
backbone LL.Ms, which functions as a binary classi-
fier to predict the slots in the dialogue state. Doing
so not only enables the detection of both false posi-
tives and false negatives but also guides the gener-
ation of accurate dialogue states. We empirically
show that accountability modeling improves the
DST performance of backbone LLMs (Llama, Mis-
tral, and Gemma) on two widely used task-oriented
corpora (MultiWOZ and Snips). Identifying the
errors also enables self-correction of the dialogue
state, which helps to achieve state-of-the-art per-
formance. Finally, we demonstrate the utility of
the proposed accountability modeling to correct the
DST errors in an interactive setup via user confir-
mations, thereby preventing user overreliance. In
the future, we want to extend accountability mod-
eling for end-to-end task-oriented conversations.

8 Limitations

We recognize the following limitations regarding
our work.

* The accountability model assumes the data
to be annotated along with a fixed number
of domains and slots. This is why the pro-
posed model cannot be directly used for new
or unseen domains/slots. However, in task-
oriented conversations, domains and slots are
typically well-defined, making the model ef-
fectively trainable. Furthermore, the account-
ability model outperforms few-shot and zero-
shot methods, as shown in Table 3. While
general LLMs (such as GPT-40) can operate
with limited data, their performance remains
suboptimal. In task-oriented conversations,
accurately understanding intent is essential
for effective dialogue management. Moreover,
disregarding the training overhead, a small
LLM with accountability modeling is more
cost-effective than a large general-purpose
LLM for dialogue state tracking in real ap-
plications.

* In this work, the notion of accountability is
added by estimating the errors in the DST task.
Hence, the proposed accountability modeling
approach is specific to sequence tagging tasks
like DST, information extraction, entity ex-
traction, etc.

9 [Ethics Statement

This work proposes accountability modeling for
task-oriented conversational agents. We use the
publicly available MultiWOZ and Snips datasets
in full compliance with their terms of use. Our
experiments do not use any private, confidential,
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information is limited to the task-oriented conversa-
tion of MultiWOZ and Snips. Since we use LLMs
to generate dialogue states, there is minimal risk
of generating harmful, biased, or discriminatory
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concerns associated with this work.
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A Appendix
A.1 Selection of )\

Table 8 shows the joint goal accuracy for different
A (in Eqn. 4) on both the MultiWwOZ and Snips
validation sets. Table 8 shows the results with the
Llama 3.1 model. We can observe that A = 0.25
results in the best validation performance in our
setup. It also results in the best validation perfor-
mance for Mistral and Gemma on the MultiwOZ
dataset. However, Mistral and Gemma show the
best validation performance for the Snips dataset
with A = 0.1.

A.2 Additional Details

This section provides additional details related to
model training, inference, and prompts. The exper-
iments are performed on Nvidia A100 machines.
The hidden size of Llama and Mistral is 4096 and

A\ JGA
MultiwOZ | Snips
0 64.24 | 91.14
0.1 66.13 | 92.00
0.25 66.57 | 92.86
0.5 66.25 | 92.43
0.75 65.34 | 92.04
1.0 65.15 | 91.76

Table 8: Impact of varying A in M ccouns With Llama
backbone on validation data.
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3072 for Gemma. The number of trainable param-
eters in our LoRA fine-tuned models is 3.6M for
Llama and Mistral. On the other hand, the train-
able parameters of the Gemma model is 3.4M. We
found that 8B models provided an optimal balance
for training on our GPU servers. Smaller models
resulted in lower performance, while larger models
posed computational challenges due to resource
constraints. This is why we conducted our exper-
iments using LL.aMA 3.1 (8B), Mistral (7B), and
Gemma (7B). It also helped to balance between
performance and computational efficiency, making
our approach both scalable and practical for real-
world applications. Due to memory limitations in
GPU, we use a batch size of 1. We increase the
effective batch size to 8 by using gradient accumu-
lation. The training time for MultiwOZ and Snips
is approximately 20 and 6 GPU hours, respectively.

During inference, the model takes only the di-
alogue context as input and generates the corre-
sponding dialogue state, without relying on any
oracle belief state. We do not apply any additional
post-processing to enforce JSON formatting. In our
experiments, all outputs adhered to the expected
JSON format, and no formatting issues were ob-
served. However, in the event of a failure, the
output will default to an empty dictionary (i.e., {}).
All the belief states are generated using a single
run.

Table 9 shows the prompt format used to formu-
late the dialogue context (C}) to generate the belief
states. It contains the task information, slot descrip-
tions, dialogue history, and output format. Note
that Table 9 shows the prompt specific to Llama.
The prompt remains exactly the same for Mistral
and Gemma, except for the special tokens. For the
Snips dataset, we use the same template with the
Snips-specific slot description.

In Section 6, we used two kinds of prompts
to confirm the predicted errors from the user-
simulator. The prompt for confirming false pos-
itives is shown in Table 10, while the prompt for
confirming false negatives is shown in Table 11.
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<Ibegin_of_textl>You are a helpful assistant who can perform dialogue-state tracking. The user interacts with the system
to book entities from multiple domains (hotel, restaurant, attraction, taxi, and train) in Cambridge. Your goal is to find all
the intents shown by the user in the conversation.

The user can ask for a hotel by slots - hotel-name, hotel-type, hotel-parking, hotel-area, hotel-bookday, hotel-bookstay,
hotel-internet, hotel-bookpeople, hotel-stars, hotel-pricerange. The user can ask for an attraction by slots - attraction-
name, attraction-type, attraction-area. The user can ask for a restaurant by slots - restaurant-name, restaurant-food,
restaurant-area, restaurant-bookday, restaurant-booktime, restaurant-bookpeople, restaurant-pricerange. The user can
ask for a taxi by slots - taxi-arriveby, taxi-departure, taxi-leaveat, taxi-destination. The user can ask for a train by slots
- train-arriveby, train-day, train-leaveat, train-destination, train-departure, train-bookpeople. Do not capture any other
slots!

# Task
You will be provided with a chronological dialogue history between the system and the user. You must find all the user
intents and output them in JSON format.

# Sample Output

{"restaurant-name": "abc", "restaurant-food": "xyz"}
# Conversation History
<lIstart_header_idI>system<lend_header_idI>
So<leot_idl>
<Istart_header_idl>user<lend_header_id|>
Up<leot_idI>

<Istart_header_idl>assistant<lend_header_idI>

Table 9: Prompt template for Llama model. Sy and Uy denote the system and user utterance for the Turn 0.

Dialogue history:
{Current Dialogue History}

It seems that some information might have been incorrectly predicted. Based on the current user utterance, please help
us clarify the following:

1. If the slot name is correct but the value is wrong, you can provide the correct value.
2. If the slot name should not appear at all, let us know to delete it.

# Statement: Slot was mentioned in the dialogue history and the value is Value.

- Please respond with one of the following options:

- "Agree" (if both the slot name and value are correct)

- "Not Agree: Update to [new value]" (if the slot name is correct but the value is wrong)
- "Not Agree: Delete" (if the slot name should not appear in the belief state)

Table 10: Prompt template for clarifying false positive with user simulator.

Dialogue history:
Current Dialogue History

It seems that some important information might be missing.
Based on the latest user utterance, could you please confirm the following:
Should the Slot be "Value"?

- Please respond with "Agree" if this information is correct.
- Respond with "Not Agree" if this information is incorrect.

Your confirmation will help us improve the accuracy of the prediction.

Table 11: Prompt template for clarifying false negative with user simulator.
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