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» Task-oriented dialogue (TOD) systems often fail o | tUSt%:‘.Gt(l)}al- e We introduce a method with two sets of features to predict 1f an ongoing conversation will fail.

. 1Nnd an expensive restaurant 1n the centre. 500K 4 table 10r ) o . . . . .
progressively before a breakdown becomes beople on Tuesday at 17:45. Find an attraction near restaurant. Tempor.al Trajectory Dynamics: At each turn, we track five simple signs of how the dialogue 1s
ObViOllS, through slot-value instability, \_Then arrange a taxi between the attraction and the restaurant. ) progressing.
unresolved contradictions, missing * Oscillation score: How often the user changes their mind about a specific detail (e.g.,
constraints, and 1 loss of task focus. Please find an expensive restaurant in t.he centre. Changing the hotel price repeatedly).

¢, | ! herearemany to choose from. Whatkind of food > Example: A user asks for a cheap hotel, changes to expensive, then back to cheap.
are you interested in?
e The Evaluation Gap: The dominant evaluation A gastropub sounds great. . .
paradigm measures outcome rather than I suggest The Slug and Lettuce on Green Street. ° Covel‘age rate: The p ercentage of reqUIred information the System has SUCCGSSfuuy gathereCL
2 Would you like me to make a booking? » Example: The user gives a hotel area and type, but forgets the price (2 out of 3 needed slots filled = 67%

trajectory, such as whether the final state 1s

Yes, please, I need a table for 8 on Tuesday at 17:45. raoce).
correct or the overall task succeeded. By the o coverage)
. . . I got your table all booked, your reference number -2
time thlS ﬁnal outcome 18 measured’ the 3 is O33823V4. Can I help with anything else today? nj e (C flict t: Wh ' . t lash th h t th t . | d t d
dialocue has often drifted too far for a . = oniict count: C1l 4 USCT'S NCwW 1nput €1lasncs wiin wina C SySicm previously undcerstood.
g How about a multiple sports place near that = " " "
lightweight intervention to help e s » Example: The system records "north," but the user suddenly says, "Actually, I would prefer the south
t4 Anything in particular you like to do? side".
* Existing breakdown detection models onl No thanks, I just need the phone number please. : : : : :
1S 4 — — * Fill velocity: How quickly new details are being added over the last couple of turns.
predlct whether the next turn causes a . The Cherry Hinton Village Center is in the east. . . , ' . ,
Would you like the address? » Example: The system gathers 2 new slots (specific details like a hotel's price or location) over 2 turns

breakdown, and do not forecast eventual task

. . . I also need a taxi to go between the 2. (back-and-forth exchanges between the user and the system), showing steady progress.
failure from partial dialogue prefixes.

01223576412 is the phone number. What else can I assist

t6 :
you with today? . . . . . .
v * Domain shifts: How many different topics (like hotels, restaurants, or taxis) the user has
. ~O11 1 TRACER Intervention Fired .
. Oyr Goal: T(? formulate task-oriented dialogue . . . . jumped between.
fatlure  prediction as a partial-dialogue task handling l’ . Attraction-Taxi : » Example: Discussing a hotel, switching to a restaurant, and then booking a train (3 domains).
forecasting problem. TRACER aims to detect [willneedto bepickedupby| SRS A
.. . . . : Vs : ) .
I f h detail . . . .
nsing failure nisk early so the system can decide e e o o ol the tasd Belief-State Text: Instead of using complex code, we turn the system's current knowledge into simple
heth t int b f th f. 1 you like to be picked up- before continuing. Should the taxi
whether 1o ntervene - belore ¢ lhd From the Cherry Hinton 80 between The Slug and Lettuce text sentences (e.g., "restaurant area 1s center"). This allows the model to read and understand exactly
bre akdown Village Center, please. @nd Cherry Hinton Village Center?/ . ]
. Which place do you want to . . What 1S belng tracked.
be picked up from? L . .

Training Objective: The model learns to predict success or failure, but it earns a higher reward for
spotting failures as early as possible 1in the conversation.

Fig 1. Task overview. The example shows
a conversation that breaks down
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Qwen2.5-7B Oracle 0.5310.321 0.772 1.32 Flg 2 Overview of TRACER
Llama-3.1-8B Oracle 0.516/0.290| 0.566 2.49
Zero-Shot Col Mistral-7B Oracle 0.526 0.275 0.568 1.95
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Qwen2.5-7B Oracle 0.518 0.299| 0.668 1.67 interruptions. o 0.8 ' -
. . b i
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ur roac _ ~
PP TRACER(generated) Generated 0.741 0.463| 0.727 1.36 threshold (v = 0.7788) tuned on the © 2 5,
development set. S 0.4 g-
Table 1. Main failure-forecasting results on MultiwOZ * This threshold ensures a strict false-positive 2 0.2 -1 o
e TRACER achieves an AUC-ROC of 0.741 rate of < 0.15 while successtully detecting | - _ " =
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forecasting occurs very early, achieving §ZZZ / - Stream A only enerate ' ' « The fully fused model achieves 0.741
0.666 AUC-ROC with only 25% of the . v — (features) Oracle 0.623] 0.363 oy B
. .. - —— AUC-ROC, significantly outperforming
dialogue visible. — e — — olated f v (0.623 q
o By 75% Visibility performance I‘eaCheS Visible dialogue prefix Stream B Only Generated 0.583| 0.332 1solate catures-on y ( . ) and text-
. . . . . . text only (0.692) streams.
0.811 AUC-ROC, which is nearly identical Fig 4. Fixed-context forecasting (text) Oracle 0.692) 0432 y( ) . .
_ S . Generated 0617 0370 ° Trajectory dynamics and semantic text
tf) 1ts full-co.nt.ext dlsc?lmmatlon qgahty (0.819). | | | TRACER provide complementary signals that
» Simple heuristic baselines reach high Early Detection Scores (e.g., 0.864) by triggering almost Oracle 0.741] 0.463 persist even with noisier, generated

immediately, causing unusable false-positive rates. Table 2. Ablation on TRACER streams belief states.
* TRACER solves the EDS trap by balancing high early detection with selective triggering.

Conclusion

* TRACER proves that task-oriented dialogue failure can be reliably predicted from partial

Experimental Setup

 Primary Dataset: Evaluated on MultiwWOZ 2.4 (multi-domain dialogues). conversations by combining trajectory dynamics with belief-state text.
» Belief States: Compared oracle (clean inputs) vs. generated (noisy inputs via Qwen3-30B). * FError analysis reveals that TOD failures fall into four main categories: Information
 Metrics: AUC-ROC, F1, Early Detection Score (EDS), and Mean Detection Turn. Incompleteness, Contradiction / Misalignment, State Instability, and Task Drift / Domain

Confusion.



