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Popularity bias in KG-based conversational recommenders is a training problem, not architecture.
Two training-time objectives lift catalog coverage up to +81% while preserving recall.
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KG-CRS (KBRD, KGSF, CR-Walker, TREA) inherit this directly — they train with cross-entropy alone, with no diversity
term in the loss. GOAL

Add a diversity signal to training without changing the
architecture, and check whether it generalises across

multiple KG-CRS backbones and two benchmarks.

Why a quick fix fails. List-level diversity losses (ILD, DPP) require selecting a discrete top-K set first, and top-K'is non-
differentiable. The gradient never reaches the model, so the lever has to be the training objective, not the architecture.

Approach

Both methods modify the training objective alone, leaving architecture and inference path intact. They share a temperature-scaled softmax primitive but operate at different optimi-
sation stages — the second method picks up exactly where the first stops applying.
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SRD: Soft-rank loss DivKG: REINFORCE fine-tuning

A differentiable surrogate for intra-list diversity, plugged into Optimise the non-differentiable diversity reward directly, after supervised pre-training.

supervised training. NIRRT EL L) DivkKG borrows the supervised pre-

training - KL-anchored policy-gradient pipeline that aligned
modern large language models. Treat the trained KG-CRS as a
stochastic policy and fine-tune with REINFORCE on an

Q Soft-select. Replace the hard top-K with a temperature-
scaled softmax over all M candidates.

Supervised KG-CRS

cross-entropy on gold
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How Method 2 closes the gaps

REINFORCE propagates non-differentiable reward
works on the full catalog, no candidate-set assumption.

Where Method 1 stops
e Pairwise-cosine breaks on full catalogs.

e Recall trades for coverage (KBRD R@1 3.70->3.02, KGSF
3.97->3.50).

DivKG pipeline. Supervised pre-training yields a
frozen reference m,qf; the policy samples slates of

Ks=50 items, the composite reward scores them,

and a policy-gradient update with a KL anchor
keeps Tg close to et
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Results

Quantitative — coverage gains

Both methods lift catalog coverage substantially across four KG-CRS backbones on ReDial.
DivKG additionally generalises to TG-ReDial.

KL anchor + cross-entropy mix-in preserve R@1 across
KBRD, KGSF, TREA.

Qualitative — top-5 recommendations

ReDial test index 3803. User mentions horror seeds A Perfect Getaway, Orphan,
The Purge; gold is the long-tail Children of the Corn (training pop 6). The baseline
buries the gold under the head-of-distribution horror cluster; DivKG recovers the

Model R@1 R@10 Cov@10 SMCEM  gold AND surfaces a seed movie.

CR-Walker 3.65 15.37 31.76 62.19

+ SRD 3.47 16.17 1 34.92 2 65.38 | KGSF baseline (avg pop 82.1)

KBRD 3.70 18.79 18.37 36.37 All five slots are filled by head-of-distribution horror titles — /t (2077) and The Conjuring

+ SRD J 3.02 J 16.68 2 29.10 2 50.51 dominate. The training-rare gpld Children of the Corn (training pop 6) is buried at rgnk 9, and
] none of the user's seed mentions (A Perfect Getaway, Orphan, The Purge) surface in top-5.

+ DivKG 3.77 18.79 ™ 32.74 1 56.09 Cross-entropy alone collapses onto the popular cluster.

KGSF 3.97 19.36 17.03 29.92

+ SRD + 3.50 + 18.79 ™ 23.83 ™ 39.90

+ DivKG 4.10 21.16 1 30.88 1 51.21 o &

TREA 4.84 21.37 23.87 45.26 gun i

+ DivKG 4.64 20.10 4 41.75 1 71.16 g

Test results on ReDial (%). SRD rows are Method 1; DivKG rows are Method 2. Cov@10 jumps over the matching
baseline: CR-Walker +10%, KBRD +78%, KGSF +81%, TREA +75%.
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DivKG recovers the gold Children of the Corn at rank 4, lifts two long-tail titles (Orphan and
The Fourth Kind, training pop 4 each) into the top-5, and keeps a popular safety net (The
° 56Noumber of items (s:)?:ggd by recommendlas';(i)gn frequency) 2000

N + DivkKG
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Norm-popularity correlation flattens. Baseline
assigns systematically smaller norms to long-tail items;
DivKG closes the gap so tail items compete in the
inner-product score.
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Conjuring 2). Average popularity drops 82.1 - 53.2 while the user's seed intent is preserved.
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Children of the
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80% of recommendations come from 175 items
under baseline; DivKG needs 445 items for the same
share — recommendation mass spreads across a far
wider catalog slice.
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Don't Breathe
pop 20
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