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Abstract

Large Language Models (LLMs) have re-
cently been studied within the context of Task-
Oriented Dialogues. However, previous re-
search is inconclusive on their effectiveness,
with some studies claiming that LL.Ms are un-
able to perform the Task-Oriented Dialogue
(TOD) task and others making sophisticated
additions to their setup and coming to opposite
conclusions. In this work, we take a detailed
look at previous results that state LLMs per-
form insufficiently as a TOD system. As a re-
sult, we propose an updated, stronger baseline
for multiple out-of-the-box LLM performances
as TOD systems. We introduce a Self-Checking
mechanism as a simple, yet effective, compo-
nent to drastically improve their performance.
Our results show that newer, pre-trained LLMs
can, in fact, perform as TOD systems out-of-
the-box, challenging the previous understand-
ing. We show that LLMs can even perform
competitively to fine-tuned models in certain
metrics. Based on this, we propose directions
for future research. Our code is published on
Github'.

1 Introduction

TOD Systems are a special case of chatbots, where
the system helps the user achieve a certain task.
Over the last years, they have undergone multiple
evolutionary steps from rule-based multi-model ap-
proaches to end-to-end Deep-Learning based mod-
els. LLMs have shown remarkable out-of-the-box
performance on many tasks, adapting to a task
merely by prompting. Naturally, they have also
been investigated as TOD systems, due to their
strong Natural Language Generation (NLG) and
Natural Language Understanding (NLU) abilities.

However, initial investigations into LLMs as
TOD systems concluded that their out-of-the-box

lhttps://github.com/sebastian—steindl/LLM4TOD_
baseline

User: Hi, I'm looking for a hotel to stay in that

includes free wifi. I'm looking to stay in a hotel,

not a guesthouse[...] System: [...]

: Okay, please book that for 3 people and 2
nights starting from Friday.

User:

Capture entity values from the [..] converstation
[...] Capture pair "entity:'value'" separated by
colon. Separate entity:'value' pairs by hyphens.
Values that should be captured are the following.
[...] - "pricerange" that specifies the price range
of the restaurant. Only possible values for
pricerange: cheap, [...] Update this
state: area:'?'-bookday:'?'-bookpeople:'?'[...]
—————— [...1
assistant\n
area:centre\n [...]
pricerange:moderate

I want you to make sure your previous response was
correct. Make sure that your response follows the
format entity:'value'-entity:'value'. [...]

If your previous response was correct, just give me
the same response again.[...]

area:centre-bookday:Friday-bookpeople: 3-bookstay:2-
internet:yes-name:-parking:yes-pricerange:moderate-
stars:?-type:hotel

Figure 1: Example of the state tracking with Self-Check.

performance is insufficient (Hudecek and Dusek,
2023). Later, studies added sophisticated mech-
anisms, continued training the LLM, and opti-
mized for Dialogue State Tracking (DST), showing
largely improved performance (Hu et al., 2022; Lee
and Lee, 2024; Dong et al., 2024).

We provide an updated, strong baseline for the
general performance of pre-trained LLMs, i.e.,
without sophisticated mechanisms, on the Multi-
WOZ 2.2 (Zang et al., 2020) benchmark dataset,
even achieving comparable results to the fine-tuned
SOTA in some cases. Based on our empirical eval-
uation, we propose future directions for this field of
research. To the best of our knowledge, we are the
first to give an extensive overview across multiple
LLMs on their baseline, zero-shot performance on
the DST and Response Generation (RG) task.

2 Background and Related Work

Task-Oriented Dialogue Systems. Task-Oriented
Dialogue Systems are a special case of chatbots
designed to help the user achieve one or multiple
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tasks by interacting with external services. Com-
mon use cases include booking scenarios, where
the chatbot gathers the required information from
the user and presents him with information from,
e.g., databases. A TOD system thus needs capa-
bilities in understanding and generating natural
language and in deciding on a policy. Tradition-
ally, these systems had a dedicated model for each
of those subtasks (Young et al., 2013). With the
progress in Deep Learning and the publication of
larger datasets, this has shifted towards fine-tuned
transformer-based models, often approaching the
task in an end-to-end manner. The most prevalent
crowdsourced dataset is MultiWOZ (Budzianowski
et al., 2018), of which multiple updates exist, in-
cluding MultiWOZ 2.2 (Zang et al., 2020). Deep
Learning approaches to this benchmark include,
e.g., Lin et al. (2020); Peng et al. (2021); He et al.
(2022); Sun et al. (2023); Bang et al. (2023).
LLMs for the TOD Task. Pre-trained,
instruction-following Large Language Models ex-
hibit strong NLU and NLG capabilities, making
them an obvious choice to utilize in the sense of
a TOD system. Hudecek and Dusek (2023) test
multiple models on two TOD benchmark datasets
and come to the conclusion that they perform in-
sufficiently. Chung et al. (2023) propose Instruc-
TODS, a framework for using LLMs as zero-shot,
end-to-end TOD systems. Later, Li et al. (2024)
frame DST as a function call and show improve-
ment due to this. However, they also perform exten-
sive post-processing to fix model output. Similar
to our baseline, Lee and Lee (2024) build a DST
system based on LLM-Inference. However, their in-
ference requires similar, annotated examples from
the dataset. Dong et al. (2024) also focus on DST
and train one model to generate context-aware slot
names and a second model for the DST. Impor-
tantly, (Heck et al., 2023) evaluate ChatGPT in a
comparable setting to ours. Additionally, LLMs
have been investigated for the sourcing of synthetic
TODs (Steindl et al., 2023; Ulmer et al., 2024).

3 Method

To assess the capacities of pre-trained LLMs to act
as TOD systems, we investigate multiple models
from different model families in a unified setting.
We build a simple pipeline based on related work
(Hudecek and Dusek, 2023) that performs the full
TOD task in three sequential inference steps. First,
we detect the domain of the user utterance. Based

on this, we select the state tracking prompt that
includes the possible slots. Then, the LLM will
track the state by updating the slot values. With
this state information, we can query the database.
Lastly, we generate a response to the user based on
the dialogue history, state prediction, and database
result. The full pipeline is visualized in Fig. 2
Since the evaluation is based on string equality,
the model needs to follow the instructions strictly
so that the output can be parsed correctly. We thus
introduce Self-Check after each model inference
and evaluate its effect on the LLM performance.
We focus solely on the out-of-the-box perfor-
mance of the LLMs and thus perform no fine-
tuning. Moreover, we conduct all experiments
with two examples given in the prompt to allow
in-context learning (zero-shot in the sense of not
providing the ground-truth domain) and without
the oracle belief state to employ a realistic sce-
nario. We evaluate the DST and RG capabilities of
each model using the standard TOD metrics BLEU,
Joint Goal Accuracy (JGA), Slot-F1 and Success.
First, we reproduce results by Hudecek and
Dusek (2023) with TK-Instruct-11b (Wang et al.,
2022), OPT-IML-30b (Iyer et al., 2023) and GPT-
NeoXT-Chat-Base-20b (Together Computer, 2023).
Second, we add new baselines for various models
from the Llama (Dubey et al., 2024), Qwen (Yang
et al., 2024) and Mistral (Jiang et al., 2024) fam-
ilies, to which we will refer as newer generation.
While all of these models have seen wide-spread
use, they differ in some characteristics besides the
number of parameters. For example, Llama 3.1 has
been pre-trained on roughly 15 trillion tokens (met)
and Qwen-2.5 on 18 trillion tokens with a focus on
knowledge, coding and mathematics (Yang et al.,
2024). Mixtral-8x7B-Instruct uses a Sparse Mix-
ture of Experts (SMoE) mechanism to speed up the
inference (Jiang et al., 2024).
Notably, we do not optimize the prompts for
each LLM but instead evaluate all models in a uni-
fied setup.

3.1 Improved Baseline Implementation

The previous baseline implementation (Hudecek
and Dusek, 2023), while providing valuable in-
sights, contains some programming oversights that
can distort the results upon closer examination. To
provide a more accurate assessment of the TOD
capacities of LLMs, we refine the implementation.
These changes include, e.g., fixing errors in the
prompts and correcting the possible slots and val-
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Figure 2: The final pipeline we use to evaluate LLMs on the TOD task.

ues that the model should choose from. Moreover,
we update the extraction of the ground-truth for
the evaluation and the parsing of the model output.
Crucially for the pipeline, we let the model retry to
classify a domain if its prediction is not in the set of
possible domains (without using the ground-truth),
instead of choosing a random domain. Since the
domain selection determines the DST prompt, it
is of the highest importance. In addition, we in-
troduce the Self-Checking mechanism that, even
though it is very simple, improves the performance
substantially in many cases.

3.2 Self-Checking

Since most of the evaluation is string-based, model
responses need to be not only semantically correct
but also follow the expected syntax. For example,
they should not include extraneous tokens, such as
explanations for the prediction. However, due to
the LLM’s nature, they tend to be verbose, and not
always give responses in the expected format. We
were able to mitigate this issue to some extent with
post-processing and prompt-engineering. However,
we propose Self-Checking as an additional sim-
ple, yet effective approach. Inspired by prior re-
search using LL.Ms to correct themselves (Madaan
et al., 2024), we prompted every model to check its
previous answer in relation to the task description
and input. If the previous answer was correct, the
model should repeat it. An example is shown in
Fig. 1. Two further examples, including a negative
one, are given in Tables 3 and 4 in the Appendix.
We observed large improvements for most models.
Nevertheless, this comes at the cost of double the
inference steps.

4 Results and Discussion

Our empirical results suggest that newer genera-
tion LLMSs can rival fine-tuned models with their
out-of-the-box performance on the TOD task. We

found the models from the Llama and Mistral fam-
ilies to exhibit clearly improved performance due
to the Self-Checking. For the Qwen models, the
improvement for state-tracking was negligible and
only relevant for the BLEU score. In contrast, the
performance of prior-generation LLMs was neg-
atively impacted in nearly all cases. Qualitative
analysis suggests that this can be attributed to these
models having weaker instruction-following ability,
as their output of the Self-Check is mostly unre-
lated to the original task.

The findings of this study also indicate that
the performance of a LLM is not solely deter-
mined by its size. For instance, Llama-3.1-8B-
Instruct outperformed the previous-generation mod-
els, even though it has fewer parameters than each
of them. Similarly, Qwen-2.5-14B-Instruct demon-
strates better performance than Llama-3.1-70B-
Instruct and Llama-3.3-70B-Instruct in three out
of four metrics. Nevertheless, the largest model,
Llama-3.1-405B-Instruct, had the best overall per-
formance when using Self-Checking. Without it,
it completely failed the task. This is due to the
model returning mostly empty responses for the
DST prompt, which was ill-suited for this specific
model. Since we did not optimize the prompts
for each model, we saw the Self-Checking help
in allowing models to perform well, even if the
prompt is not optimized for it. It is striking that
all LLMs exhibit very low BLEU scores. This,
however, is not due to the models generating low-
quality responses. Instead, the problem lies within
the metric, which is reference-based and thus re-
wards imitating the linguistic style of the training
dataset. Previous studies have consistently shown
human judges to highly rate LLM-generated re-
sponses (Chung et al., 2023; Hudecek and Dusek,
2023).

The results show that the more sophisticated
LLM approaches outperform the baseline on the
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BLEU JGA Slot-F1 Success
Model / Self-Checking X X X X
Mars (Sun et al., 2023) 19.90 - - - - - 0.78 -
TOATOD (Bang et al., 2023) 17.04 - 064 - 094 - 080 -
DiactTOD (Wu et al., 2023) 17.50 - - - - - 084 -
IC-DST Codex (Hu et al., 2022) & i - - 0.51 - - - - -
ChatGPT (Heck et al., 2023) ° & - - 056 - - - - -
InstrucTODS (Chung et al., 2023) ° % 3.94 - - - - - 0.76 -
LDST (Feng et al., 2023) ¢ - - 0.61 - - - - -
FNCTOD(Li et al., 2024) i< - - 0.60 - - - - -
SERI-DST (Lee and Lee, 2024) & < - - 0.60 - - - - -
CAPID(Dong et al., 2024) & & - - 083 - - - - -
Tk-Instruct-11B ° 5.85 0.00 0.04 0.01 029 00 0.07 0.03
GPT-NeoXT-Chat-Base-20B ° 204 1.02 0.07 0.05 0.28 0.22 0.10 0.07
OPT-IML-30B ° 528 2.10 0.02 0.03 0.02 0.12 0.03 0.07
Llama-3.1-8B-Instruct ° 298 437 0.15 024 050 0.63 0.15 0.20
Llama-3.1-70B-Instruct ° 586 7.84 0.17 041 049 0.80 0.17 048
Llama-3.1-405B-Instruct ° 6.80 1030 0.03 0.50 0.08 0.86 0.04 0.46
Llama-3.3-70B-Instruct ° 6.54 7.01 020 041 059 0.77 032 0.53
Qwen-2.5-7B-Instruct ° 290 3.87 0.17 022 056 054 022 0.21
Qwen-2.5-14B-Instruct ° 332 6.1 047 045 0.83 0.80 0.60 0.49
Qwen-2.5-32B-Instruct ° 454 659 044 047 083 0.85 0.63 0.64
Mistral-7B-Instruct ° 3.15 545 0.12 024 030 057 0.11 022
Mixtral-8x7B-Instruct ° 7.61 6.61 007 037 0.64 074 0.12 0.37

Table 1: Main results on the MultiWOZ 2.2 dataset.. : Fine-tuned state-of-the-art. I: Pre-trained LLM with
additional mechanisms. °: Pre-trained LLM. #: Results for MultiWOZ 2.1. ¢: Fine-Tuned model. Bold values

mark the fine-tuned state-of-the-art and the best results from our experiments.

: With Self-Check at all stages. X:

Without Self-Check in any stage. A visualization of the results can be found in Appendix B.

DST task, especially when using fine-tuning. How-
ever, while impossible to ascertain, the probability
of the LLMs having seen the MultiWOZ test data
during their pretraining is very high, due to it being
a common benchmark. Fine-tuning the LLM on
the training data appears to make the knowledge
of the test data emerge more clearly, thus mak-
ing the model exhibit strong performance on the
test data. This could be attributed to the weights
being adapted to the MultiWOZ task, thereby al-
lowing more direct access to the latent test data
knowledge by generating MultiWOZ-specific text
patterns more efficiently, consequently improving
the performance.

Despite these promising results, using LLMs in
this fashion has obvious drawbacks. Their size re-
quires large GPUs, yet even then, without a large
cluster and sophisticated performance optimiza-
tions the inference time can quickly become too
long for real-world usage. For example, with the
largest model, the full inference for one dialogue
took up to 15 minutes on our hardwarez, bring-
ing the total inference time for the test dataset to

’DGX A100 with eight 80GB GPUs.

roughly 10 days. Moreover, a TOD system usually
does not need to be able to act as an open-domain
chatbot at the same time, since user requests that
are out of scope can be rejected. Hence, using
LLMs is inherently inefficient because many of
their competencies are not being used.

4.1 Domain Accuracy

For the DST pipeline we use in this baseline, the
correct classification of the domain is of the high-
est importance, since the possible slots presented
to the model are based on the identified domain.
If the domain classification is wrong, the model
will be tasked to track a different set of slots than
the groundtruth. While some slots can be shared
between domains (e.g., an address can be valid
for both restaurants and attractions), this will still
greatly reduce the DST performance. Table 2
shows the domain accuracy of the different models
with and without Self-Check. These results show
that the different models benefit either largely or
only negligibly from this additional step. For ex-
ample, when using Llama-3.1-70B, the accuracy
increases drastically. But its later version, Llama-
3.3-70B shows much smaller improvements.
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Model Domain Acc. w/o Domain Acc. w/

Self-Check (%)  Self-Check (%)
TK-Instruct 82.1 82.1
GPT-NeoXT 82.8 83.0
OPT-IML 81.4 81.5
Llama-3.1-8B 59.6 76.2
Llama-3.1-70B 59.8 94.6
Llama-3.1-405B 91.4 94.9
Llama-3.3-70B 91.3 94.2
Qwen-7B 78.2 78.3
Qwen-14B 94.1 94.3
Qwen-32B 95.3 95.3
Mistral-7B 71.9 72.5
Mixtral-8x7B 74.3 83.2

Table 2: Domain accuracy of different models with and
without Self-Check.

5 Future Directions

Based on our empirical results, we propose to aim
future research in new directions. Naturally, im-
proving upon state-of-the-art results remains a de-
sirable objective. However, the opportunity for real-
world usage needs to be taken into account, which
can mean focusing on improving the performance
of smaller, specialized models. Furthermore, due
to their extensive pre-training, LLMs could be a
valuable asset for improving the out-of-distribution
generalization of TOD systems. Lastly, hybrid ap-
proaches could be promising. Specifically, using
LLMs to create performant, efficient, fine-tuned
TOD models by data augmentation and / or knowl-
edge distialltion.

6 Conclusion

In conclusion, we provide a new, strong baseline for
LLM performance on MultiWOZ, the most preva-
lent TOD dataset. We follow a basic pipeline that
requires no sophisticated mechanisms and evaluate
multiple models from different families in a unified
setting. Additionally, we propose Self-Checking
as a simple, prior-free method to improve perfor-
mance in many cases.

We show that the open-weight model Llama-3.1-
405B-Instruct comes close to and even surpasses
some more sophisticated methods, suggesting the
general ability to perform DST. However, due to
its significantly smaller size but comparable per-
formance, even without Self-Checking, Qwen-2.5.-
14B-Instruct is a reasonable candidate for future
research. Our results indicate that the newer gener-
ation of LLMs clearly outperform previous models.
This is true regardless of model size. We attribute
this to crucially enhanced instruction-following.

Lastly, given the performance of the LLMs, we
propose future research directions.

7 Limitations

While we evaluate numerous models, it is impossi-
ble to consider all potential candidates, given the
fast-paced development. Moreover, we only focus
on the MultiWwOZ benchmark, since it is the most
prevalent, human-sourced TOD dataset.

Additionally, it remains uncertain to what extent
there may be test-data leakage from the benchmark
dataset to the pre-training data of the LLMs. It is
important to note that the benchmark was published
well before these models, making it reasonable to
suspect some leakage. In our intuition, this problem
is aggravated if the models are further fine-tuned
on the benchmark dataset.
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A Examples with and without Self-Check

Tables 3 and 4 include each one example of a full
state tracking and reponse generation process with
and without Self-Check. The latter is a negative
example.

B Visualizations of the Baseline
Performance

The Figures 3—6 visualize the main results from
Table 1.

C Prompts
C.1 State Self-Check Prompt

An example prompt for the Self-Check mechanism
is shown in Fig. 7.

C.2 Hotel Domain DST Prompt
An example prompt for the DST is shown in Fig. 8.
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Step Without Self-Check With Self-Check

Domain  hotel hotel

State The state based on the last two utterances is: area:'north'-stars:'4'-type:'hotel'-pricerange:'?'-
area:north'-stars:'4'-type:'hotel-pricerange:'?-  bookpeople:'?'-bookstay:'?'-booktime:'?'-
bookpeople:'?'-bookstay:'?'-booktime:'?'- internet:'?'-name:'?'-parking:'?'-
internet:'?'-name:'?"-parking:'?-  Since the
customer mentioned they don’t need reserva-
tions and just need the phone number and price
range, we can infer

Response It seems we don’t have any 4-star hotels in The database didn’t return any 4-star hotels in

[value_area] [value_place]. Would you like to
try another area or change the star rating? If
you’re open to other options, I can provide some
suggestions. Let me know how you’d like to
proceed. Is there anything else you need help
with? Thank you for considering our services.
If you need assistance with anything else, feel
free to let

[value_area] [value_place]. Would you like to
try another area or change the star rating? If
you’re open to other options, I can provide some
suggestions. Is there anything else you need
help with?

Table 3: Example 1: Comparison between responses without and with Self-Check.

I want you to make sure your previous response was
correct. Make sure that your response follows the
format entity:'value'-entity:'value'. Your response
should not use any additional words or remarks. If a
slot has no value, just leave its value as '?'. Your
response should not invent any slots or values,
stick to the conversation as closely as possible.
Make sure everything is logical.

If your previous response was correct, just give me
the same response again.

Update the following state so that it correctly
represents the information given in the last two
utterances, one from the customer and one from the
assistant:

state: [STATE]

Figure 7: Example prompt for applying Self-Check to

the state tracking step.

Capture entity values from the last two utterances
of the converstation according to examples.
Focus only on the values mentioned in the last two
utterances.

Capture pair "entity:'value'" separated by colon.
Separate entity:'value' pairs by hyphens.

Values that should be captured are the following.
For some I give you the only possible values:

- "area" that specifies the area where the hotel is
located. Only possible values for area: east,
centre, north, south, west
- "internet" that specifies if the hotel has
internet. Only possible values for internet: yes, no
- "parking" that specifies if the hotel has
parking. Only possible values for parking: yes, no
- "stars" that specifies the number of stars the
hotel has. Only possible values for stars: 0, 1, 2,
3, 4, 5
- "type" that specifies the type of the hotel. Only
possible values for type: hotel, bed and breakfast,
guest house
- "pricerange" that specifies the price range of
the hotel. Only possible values for pricerange:
cheap, moderate, expensive
- "name" that specifies name of the hotel
- "bookstay" specifies length of the stay
- "bookday" specifies the day of the booking
- "bookpeople" specifies how many people should be
booked for.

Do not capture any other entities or values! Do not
invent any slots or values, stick to the
conversation as closely as possible.

If not specified, leave the value empty.

Figure 8: Example prompt for performing DST in the
hotel domain.
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Step Without Self-Check With Self-Check
Domain  restaurant restaurant
State Please respond with the updated state that re- area:'centre'-bookday:'Friday'-bookpeople:'?'-
flects the information from the last two utter- booktime:'11:00'-food:'chinese’-name:'Golden
ances. Remember to only capture values men- Wok'-pricerange:'?'
tioned in the last two utterances. Do not cap-
ture any other entities or values! Do not invent
any slots or values, stick to the conversation as
closely as possible. If no value is specified leave
the value at '?". The updated state should be:
Response 1 have booked a table for you at [restau- I have found [choice] restaurant that matches

rant_name] at [restaurant_address] for [book-
day] at [booktime] for [choice] guests. Refer-
ence number is [ref]. Is there anything else 1
can help you with today?

your criteria. The restaurant is called
[restaurant_name] and is located at [restau-
rant_address] and the phone number is [restau-
rant_phone] and the postcode is [restau-
rant_postcode]. I just need to know how many
people will be dining. Would you like me to
book a table for you?

Table 4: Example 2 (negative example): Comparison between responses without and with Self-Check.
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