


User level User sex User age Avg pay monthly Top3 purchased recently
User profile :
Golden Member Male 26-35 years old RMB: 6,072.98 watch/pen/earphone
Q: &4, (Hello.)
A: S, WA AW LA B 5 2 (Hello, what can 1 do for you?)
Q: VRAE A H4 FHL, HEFE—F? (Iwant to buy a mobile phone, what do you recommend?)
A: i il s e PE AT A4 75K 4?7 (What are your requirements for performance?)
o AT 2AHERI TR, AT, Sl RS, /722 5 1200G. (1 don't have any special requirements. I don't play
’ games. It's better to take clear pictures and the memory should be more than 200G.)
A: https://item.jd.com/10036452410557.html
Q: IR ER ), N4 4. (1 would like a dark color, not golden.)
Model DeepFM+BF+CF | DeepFM+BF+F | DecpPM+BF+CF+F | Ground truth
- ° B = -
® =2 » 1 -
Recommend result \ ﬂ |
Price: 7488 RAM: 512G Price: 6,488 RAM: 256G Price: 6,458 RAM: 256G Price: 6,458 RAM: 256G
Color: Black  Camera: 50 million pixels | Color: Golden ~Camera: 50 million pixels| Color: Black Camera: 50 million pixels | Color: Black Camera: 50 million pixels
(a)
(b)

Figure 5: Case study for the personalized recommendation. (Green box highlights the product mentioned in the
conversation, and the orange one refers to ground truth.)

proper price but fails to capture the context features
such as dark color in the conversation. In this case,
user utilizes some words to explicitly express his/her
needs (e.g. take clear pictures, dark color), which is
challenging for system to understand. Whereas some
other preference words (e.g. memory should be more
than 200G) can be directly linked to the attributes in the
product KB. Finally, benefiting from the combinations
of basic feature, contextual feature, and interactive fea-
ture, the third model can make a correct recommen-
dation. This illustrates that the bridging conversational
corpus, user’s portrait, and product KB is the key factor
for successful recommendation.

Fig[5(b) presents a bad case where all the models fail
to capture the user’s intention for the recommendation.
As illustrated from the example, though the user rec-
ognizes single-door refrigerator as a good candidate, it
explicitly describes the demand for a larger size fridge
with the phrase we have a big family. Thus all the mod-
els fail to understand the user’s real intention. This case

also indicates the complexity and variety for recom-
mendation conversation presented in E-ConvRec.

5. Conclusions and Future Work

In this work, we contribute the Chinese conversational
recommendation dataset which is large-scale, infor-
mative, and collected from the real scenario of E-
commerce domain. To explore conversational recom-
mendation in a real scene from multiple facets based
on the dataset, we design three worth studying tasks
which cover the critical problems of CRS. Extensive
experiments are conducted and baselines are provided
for these tasks. The experimental results indicate there
is still a long way to go to solve the real scenario con-
versation recommendation problem. More in-depth re-
searches on personalized preference recognition, multi-
turn dialogue strategies, and response generation are
needed in the future. Moreover, we will enrich the
dataset annotations (e.g., emotions, richer intentions)
in the future.
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