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Abstract001

Cold-start cross-domain recommender (CDR)002
systems predict a user’s preferences in a tar-003
get domain using only their source-domain be-004
havior, yet existing CDR models either map005
opaque embeddings or rely on post-hoc or006
LLM-generated rationales that are hard to au-007
dit. We introduce EviSnap, a lightweight CDR008
framework whose predictions are explained by009
construction with evidence-cited, faithful ra-010
tionales. EviSnap distills noisy reviews into011
compact facet cards using an LLM offline,012
pairing each facet with verbatim supporting013
sentences. It then induces a shared, domain-014
agnostic concept bank by clustering facet em-015
beddings and computes user-positive, user-016
negative, and item-presence concept activations017
via evidence-weighted pooling. A single linear018
concept-to-concept map transfers users across019
domains, and a linear scoring head yields per-020
concept additive contributions, enabling exact021
score decompositions and counterfactual ’what-022
if’ edits grounded in the cited sentences. Exper-023
iments on the Amazon Reviews dataset across024
six transfers among Books, Movies, and Mu-025
sic show that EviSnap consistently outperforms026
strong mapping and review-text baselines while027
passing deletion- and sufficiency-based tests for028
explanation faithfulness.029

1 Introduction030

Real-world recommender systems frequently face031

cold-start users: people with interaction history032

in one domain (e.g., Movies) but none in a target033

domain (e.g., Music or Books). Cold-start cross-034

domain recommendation (CDR) tackles this by035

transferring preferences from a source domain to a036

target domain (Fernández-Tobías et al., 2012; Khan037

et al., 2017; Zang et al., 2022). However, most038

CDR systems remain hard to audit. Mapping-based039

methods learn a transfer function between latent040

user embeddings and scale well (Man et al., 2017;041

Hu et al., 2018; Zhu et al., 2022), but the trans-042

ferred signal is opaque: the model cannot clearly043

state what preferences were moved or why a tar- 044

get item is recommended. Review-aware models 045

often improve accuracy by encoding text (Zheng 046

et al., 2017; Tay et al., 2018), yet their explanations 047

are typically post-hoc (e.g., attention/highlight ra- 048

tionales) and may not reflect the actual scoring 049

function (Jain and Wallace, 2019; Wiegreffe and 050

Pinter, 2019; Zhang et al., 2020). More recently, 051

LLM-based recommenders can generate fluent jus- 052

tifications (Bao et al., 2023; Mysore et al., 2023; 053

Zhu et al., 2024), but these can be costly at in- 054

ference and are not guaranteed to be faithful or 055

verifiable (Wu et al., 2024). 056

We argue that CDR needs an intermediate rep- 057

resentation that is (i) shared across domains, (ii) 058

grounded in verifiable evidence, and (iii) used di- 059

rectly by the predictor so that explanations can be 060

tested rather than narrated (Lei et al., 2016; Ross 061

et al., 2017; Rudin, 2019). To this end, we pro- 062

pose EviSnap, a lightweight CDR framework that 063

produces faithful, evidence-cited explanations by 064

construction. EviSnap operates in an evidence- 065

grounded concept space built from reviews: an 066

LLM distills raw reviews into compact facet cards 067

(short, domain-agnostic facet phrases) and attaches 068

verbatim supporting sentences. We embed facets 069

from both domains and cluster them into a shared 070

concept bank. For each user we compute sepa- 071

rate positive and negative concept activations from 072

praised vs. criticized evidence, and for each target 073

item we compute concept presence activations from 074

its evidence sentences. A single linear concept-to- 075

concept map transfers users from the source con- 076

cept space to the target space, and an additive lin- 077

ear scoring head produces ratings. Because the 078

score is a sum of per-concept terms, EviSnap yields 079

an exact score decomposition: the explanation is 080

the model itself, paired with the highest-scoring 081

user/item evidence sentences for each surfaced con- 082

cept. The linear structure also enables transpar- 083

ent counterfactual edits (”what if this concept was 084
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stronger?”) with predictable changes in the score.085

Our main contributions are:086

• Evidence-cited, domain-agnostic concept rep-087

resentation for CDR. We introduce an offline088

facet-card pipeline with verbatim evidence and089

induce a shared concept bank across domains,090

yielding sentence-traceable user-positive, user-091

negative, and item-presence activations.092

• Transparent transfer and faithful explana-093

tions by construction. EviSnap uses a single094

linear concept mapping and an additive linear095

scorer, so reported per-concept contributions re-096

construct the prediction exactly.097

• Empirical gains with faithfulness diagnos-098

tics. Experiments over the Amazon Reviews099

dataset (He and McAuley, 2016) among BOOKS,100

MOVIES, and MUSIC , EviSnap outperforms101

strong mapping and text-based baselines while102

passing deletion- and sufficiency-based tests of103

explanation faithfulness (Lei et al., 2016).104

2 Problem Definition105

We study cross-domain recommendation (CDR)106

for cold-start users across two domains: a source107

domain S and a target domain T . Let U be the user108

set and IS , IT the item sets in S and T . We observe109

ratings rui for some user–item pairs, and we use110

review text as side information: RS(u) denotes111

the set of source-domain reviews written by user u,112

and RT (i) denotes the set of target-domain reviews113

written about item i.114

We adopt a user-level cold-start split: users in115

training and test are disjoint. At inference time for116

a test user u, we assume no target-domain history117

is available, i.e., only RS(u) is observed for the118

user, while item-side text RT (i) is available for119

target items.120

Our goal is to learn a predictor gϕ that estimates121

a cold-start user’s preference for a target item:122

r̂ui = gϕ(u, i | RS(u),RT (i)) ,123

where u ∈ U , i ∈ IT .124

3 Framework125

Given the cold-start CDR setting in Section 2,126

we instantiate gϕ with an interpretable, evidence-127

grounded model that predicts target-domain rat-128

ings using a shared concept space as shown in Fig-129

ure 1. EviSnap (i) distills reviews into evidence-130

cited facet cards, (ii) induces a shared concept bank131

and computes user/item concept activations, and 132

(iii) applies a simple linear transfer and linear scor- 133

ing head. Because the final scorer is additive in 134

concept features, the same quantities that produce 135

r̂ui also yield faithful, sentence-grounded explana- 136

tions. 137

In this section, we describe each module and its 138

training objective in turn. 139

3.1 Generative Facet Card Construction with 140

LLMs 141

We first preprocess review text into compact, au- 142

ditable facet cards. For each source-domain user u 143

and each target-domain item i, we input the corre- 144

sponding bundle of reviews to an LLM and obtain 145

a single JSON object (Figure 2). Each card con- 146

tains a small set of short, domain-agnostic facet 147

phrases paired with verbatim supporting sentences 148

from the input reviews. Facets are accompanied by 149

a support count. 150

User cards include facet polarity (+1 liked, −1 151

dislike), while item cards use polarity 0 (items ex- 152

press properties only). We run this extraction of- 153

fline once and treat facet phrases and evidence sen- 154

tences as fixed inputs to EviSnap. The LLM is not 155

used during model training or inference. This rep- 156

resentation denoises long reviews while preserving 157

traceability: every downstream concept activation 158

can cite an original sentence. 159

Example. User facets may include fast pacing 160

(+1) and slow plot (−1) with copied evidence sen- 161

tences; an item may include live energy (0) with 162

evidence such as “The live drums give the songs 163

amazing energy.” 164

3.2 Evidence–Grounded Concept Space 165

This stage builds a shared, interpretable feature 166

space that supports both cross-domain transfer and 167

faithful explanations. We want the model’s internal 168

variables to be (i) domain-agnostic so they align 169

across S and T , (ii) evidence-grounded so each ac- 170

tivation can be traced to specific sentences, and (iii) 171

simple enough that the final scoring function can 172

decompose cleanly into per-concept contributions. 173

We achieve this by inducing a concept bank from 174

facet phrases and computing user/item concept ac- 175

tivations by pooling sentence-to-concept evidence 176

scores. 177

Concept bank. We induce concepts by clustering 178

facet phrases so that synonymous facets collapse 179

into a single dimension and the same concept labels 180
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Figure 1: EviSnap overview: offline LLM facet cards with verbatim evidence, a frozen shared concept bank
and activations, a near-identity linear transfer map M, additive scoring with exact, evidence-cited per-concept
contributions.

can be reused across domains. We embed every181

distinct facet phrase once using a frozen sentence182

encoder f(·):183

e = f(facet phrase) ∈ Rd184

We then cluster all facet embeddings with k–means185

into K clusters. The cluster centroids are our con-186

cept prototypes187

D =

d
⊤
1
...

d⊤
K

 ∈ RK×d, ∥dk∥2 = 1 for all k188

Each concept k is labeled by the facet phrase in its189

cluster whose embedding is closest to dk. These190

labels (e.g., “live energy”, “vocal clarity”) appear191

in our explanations.192

Sentence–level evidence scores. We score con-193

cepts at the sentence level so that explanations can194

cite the single strongest supporting sentence (while195

still accounting for multiple mentions).196

For any entity e (user or item), we have a small197

set of evidence sentences198

S(e) = {(sj , wj)}Ne
j=1,199

where sj is an evidence sentence and wj is a non–200

negative weight. We use201

wj = log
(
1 + support count(sj)

)
202

so that facets mentioned in more reviews carry 203

slightly more weight. 204

We embed each sentence, 205

hj = f(sj) ∈ Rd, ∥hj∥2 = 1, 206

and compute its alignment with each concept proto- 207

type dk using cosine similarity followed by ReLU: 208

αjk = max
(
0, h⊤

j dk

)
209

Here αjk ∈ [0, 1] measures how strongly sentence 210

sj supports concept k. Negative or unrelated evi- 211

dence is clipped to 0. 212

Pooling over evidence. This pooling choice lets 213

us produce explanations by pointing to the highest- 214

scoring evidence sentence for each concept, while 215

still rewarding concepts supported by multiple re- 216

views. 217

To obtain a fixed-length concept vector from 218

a variable number of evidence sentences, we ag- 219

gregate sentence-level alignments into one score 220

per concept. We use weighted log–sum–exp pool- 221

ing as a smooth max that highlights the strongest 222

supporting sentence without discarding additional 223

supporting evidence: 224

sk(e) =
1

α
log

∑
j

w̃j exp
(
ααjk

)
, w̃j =

wj∑
j wj

, 225
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(a) System Prompt: Facet Extractor

Role. You are an information extractor for the
Amazon Reviews 2014 dataset.

Task. Your task is to turn a bundle of reviews
into a small set of domain-agnostic “facets” (sta-
ble preference or property phrases) with verba-
tim evidence sentences copied from the input.

Rules.

• Output JSON only, with keys:
{"meta": {...}, "facets": [
{"facet","polarity","support_count",
"evidence":[{"review_id","rating",
"unix_time","sentence"}]} ]}.

• No chain-of-thought. Do not explain your
reasoning.

• Facet: ≤4 words, lower-case, domain-
agnostic. Avoid named entities, brands, plot
spoilers, shipping/seller issues.

• Evidence sentences must be copied verbatim
from the input; do not paraphrase.

• Merge duplicates/synonyms; prefer facets
supported by multiple reviews.

• Polarity: users = +1 like / −1 avoid; items =
0 (items just have facets).

(b) User Prompt Template

Task. You will receive a JSONL bundle of
reviews for a single user from the Amazon 2014
dataset (source domain = {source_domain}).
Goal: extract 6–10 concise preference facets
with polarity (+1 like, −1 avoid). Use only the
provided text. Output a single JSON object.

Meta field.

Fill "meta" as:
{"mode":"user",
"entity_id":"{reviewer_id}",
"domain":"{source_domain}"}

Input format.

INPUT (JSONL begins)
{jsonl_bundle}
INPUT END

Output requirement.

Produce ONLY the JSON object.

(c) Item Prompt Template

Task. You will receive a JSONL bundle of
reviews for a single item from the Amazon 2014
dataset (target domain = {target_domain}).
Goal: extract 6–12 item facets (polarity = 0).
Use only the provided text. Output a single
JSON object.

Meta field.

Fill "meta" as:
{"mode":"item",
"entity_id":"{asin}",
"domain":"{target_domain}"}

Input format.

INPUT (JSONL begins)
{jsonl_bundle}
INPUT END

Output requirement.

Produce ONLY the JSON object.

Figure 2: LLM prompts used in our facet-extraction pipeline for the Amazon Reviews 2014 dataset: (a) system
prompt defining the facet extraction role and JSON schema; (b) user prompt for user-level preference facets; and (c)
item prompt for item-level facets.

where α > 0 is a temperature. When α is large,226

this behaves like a soft maximum over sentences.227

User and item concept vectors. We represent228

preference polarity explicitly for users (likes vs. dis-229

likes) because it affects whether a concept should230

increase or decrease a target-item score, whereas231

items only express presence of properties.232

For users, facet cards differentiate positive and233

negative opinions. We pool them separately:234

• U+(u) ∈ RK from positive evidence sen-235

tences (facets the user likes),236

• U−(u) ∈ RK from negative evidence sen-237

tences (facets the user dislikes).238

We then form a signed source–domain user vector:239

aS(u) = U+(u)−U−(u)240

Each entry is high and positive if the user repeat-241

edly praises that concept, and negative if they re-242

peatedly criticize it.243

For items in the target domain, facets describe244

item attributes rather than preferences. Therefore245

item facets have no polarity (we set polarity to246

0) and we pool all item evidence sentences into a247

nonnegative concept vector:248

b(i) ∈ RK
≥0,249

which encodes which concepts the item offers and 250

how strongly. 251

3.3 Cross–Domain Concept Mapping 252

Cold-start users have no history in the target do- 253

main, so we must transfer their preferences from 254

S into a target-domain concept representation that 255

can be compared with target items. We choose a 256

single linear map for transparency: its weights di- 257

rectly show which source concepts contribute to 258

which target concepts, making the transfer step it- 259

self inspectable rather than a black-box embedding 260

shift. 261

We now map each user’s source domain concept 262

vector to a target domain vector. We adopt a simple 263

linear map 264

aT (u) = MaS(u), M ∈ RK×K 265

Matrix M is learned from data and initialized to the 266

identity. Intuitively, M says how source concepts 267

(e.g., “fast–paced action”) translate into target con- 268

cepts (e.g., “live energy”). 269

To keep M easy to interpret and to avoid over- 270

fitting in the cold–start setting, we regularize it 271

toward the identity: 272

∥M− I∥2F , 273
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where I is the K × K identity matrix and ∥ · ∥F274

denotes the Frobenius norm.275

3.4 Linear Rating Prediction276

Given mapped user concepts aT (u) and item con-277

cepts b(i), we need a scoring function that is (i)278

accurate enough to model user-item matching, but279

also (ii) additively decomposable so explanations280

can be faithful. We therefore use a linear head over281

per-concept features: an interaction term captures282

match (user preference aligned with item property),283

while marginal terms capture user and item specific284

tendencies. This keeps inference lightweight and285

ensures each concept’s effect on the score can be286

computed exactly.287

We construct a feature vector using an element288

wise interaction and optional marginal terms:289

x(int)(u, i) = aT (u)⊙ b(i) ∈ RK ,290

x(u)(u, i) = aT (u) ∈ RK ,291

x(i)(u, i) = b(i) ∈ RK ,292

where ⊙ denotes element–wise multiplication. We293

then concatenate them:294

z(u, i) =
[
x(int)(u, i)

∣∣ x(u)(u, i)
∣∣ x(i)(u, i)

]
,295

where z(u, i) ∈ R3K .296

A single linear layer computes a centered rating297

score:298

yc(u, i) = w⊤z(u, i) + bi,299

where w ∈ R3K are the head weights and bi ∈ R300

is an item bias parameter (one scalar per item). The301

final predicted rating adds back the target–domain302

mean rating µT :303

r̂ui = µT + yc(u, i)304

In practice, we compute the mean rating µT over305

the training portion of the target domain and train306

on centered labels rui − µT . At evaluation time,307

we clamp r̂ui to the valid rating range (e.g., [1, 5]).308

Per–concept contributions (for explanation).309

The head weights w can be seen as three blocks:310

w =
[
w(int) ∣∣ w(u)

∣∣ w(i)
]
,311

each of length K. The centered score can then be312

written as a sum over concepts:313

yc(u, i) =

K∑
k=1

(
w

(int)
k aT,k(u) bk(i) + w

(u)
k aT,k(u)

+ w
(i)
k bk(i)

)
+ bi

314

For explanation, we define the per–concept con- 315

tribution 316

contribk(u, i) = w
(int)
k aT,k(u) bk(i)

+ w
(u)
k aT,k(u) + w

(i)
k bk(i),

317

and we display the top few positive and negative 318

contribk together with the concept label and the 319

best–matching user and item evidence sentences. 320

Crucially, the explanation is faithful by construc- 321

tion: there is no separate explanation module— 322

contribk(u, i) is defined to be exactly the k-th addi- 323

tive term in the model’s scoring function. Therefore 324

the centered score decomposes exactly as 325

yc(u, i) =
∑
k

contribk(u, i) + bi, 326

so the reported contributions (plus the item bias bi 327

and the mean µT ) reconstruct the predicted rating 328

exactly. 329

3.5 Training 330

We train only the transfer and scoring parameters: 331

the cross-domain map M, the linear head weights 332

w, and item biases bi, so that predicted target- 333

domain ratings fit observed ratings while keeping 334

transfer interpretable and stable. We center ratings 335

to factor out the global target-domain mean, and 336

we apply light regularization to (i) keep M near- 337

identity to reduce overfitting and preserve concept 338

semantics, and (ii) prevent item biases from domi- 339

nating the explanation. 340

Let Dtrain ⊂ U × IT denote the training set of 341

user–item pairs in the target domain, with observed 342

ratings rui. We use a user–level cold–start split: 343

users in training and test do not overlap. 344

We first compute the mean target–domain rating 345

over training data, 346

µT =
1

|Dtrain|
∑

(u,i)∈Dtrain

rui 347

We then train the model to predict the centered 348

rating rui−µT . The main loss term is mean squared 349

error: 350

LMSE =
1

|Dtrain|
∑

(u,i)∈Dtrain

(
yc(u, i)−(rui−µT )

)2
351
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We add light regularization to stabilize the map-352

ping and keep biases small:353

Lreg = λM∥M− I∥2F + λb

∑
i

b2i ,354

where λM and λb are small hyperparameters.355

The final training objective is356

L = LMSE + Lreg357

We optimize L with mini–batch stochastic gradi-358

ent descent (AdamW in our implementation). Be-359

cause all operations are linear in the learnable pa-360

rameters (except for the fixed encoder and concept361

scoring), training is stable and efficient.362

4 Experimental Evaluation363

We evaluate EviSnap in the cold-start cross-domain364

recommendation setting on review-driven transfers365

between MOVIES, BOOKS, and MUSIC. This sec-366

tion describes the dataset construction and evalu-367

ation scenarios, and then introduces the baselines368

used for comparison.369

4.1 Dataset and Transfer Scenarios370

We use the Amazon Reviews 2014 dataset (He371

and McAuley, 2016) and consider the BOOKS,372

MOVIES, and MUSIC domains. Following com-373

mon practice in cross-domain recommendation, we374

evaluate all six directed transfers S → T among375

these domains.376

For each S→T , we restrict to overlapping users377

who have source-domain text RS(u) and at least378

one observed rating on a target-domain item. We379

then create a user-level cold-start split by randomly380

assigning 80% of these users to training and 20%381

to testing (users are disjoint across splits). At test382

time, the model observes only RS(u) for the user383

(no target-domain user history), while target-item384

text RT (i) is available for i ∈ IT ; test ratings are385

used only for evaluation.386

To prevent leakage through item-side text, when387

constructing RT (i) (and extracting target-item388

facet cards) we exclude all target-domain reviews389

authored by held-out users, so the model never ob-390

serves target-domain review text from test users.391

4.2 Experimental Setting392

We use precomputed facet cards for source-domain393

users and target-domain items, constructed per394

S → T task using the split and leakage preven-395

tion protocol in Section 4.1, and treat them as396

fixed inputs (no LLM calls during model train- 397

ing/evaluation). Facet phrases and evidence sen- 398

tences are embedded with a frozen sentence en- 399

coder, clustered with k-means to form a shared 400

K-concept bank, and pooled into user/item con- 401

cept activations via evidence-weighted log-sum- 402

exp pooling over ReLU cosine similarities. We 403

train only the linear concept map M and the addi- 404

tive linear head by minimizing MSE on centered 405

target-domain ratings, regularizing M toward iden- 406

tity and applying a small ℓ2 penalty on item biases. 407

We use a single hyperparameter setting for all trans- 408

fers and do not perform hyperparameter tuning. We 409

ran each scenario 5 times and took the average. 410

4.3 Baseline Methods 411

We compare against five cross-domain recommen- 412

dation baselines that cover both mapping-based 413

transfer and review-text models: 414

• EMCDR (Man et al., 2017): learns latent repre- 415

sentations in each domain and trains a mapping 416

function to transfer user representations from S 417

to T . 418

• PTUPCDR (Zhu et al., 2022): It uses a 419

meta-network to generate personalized transfer 420

(bridge) functions for different users. 421

• MACDR (Wang et al., 2024): It employs a 422

prototype-enhanced mixture-of-experts transfer 423

mechanism and distribution alignment to im- 424

prove robustness under sparse supervision. 425

• DeepCoNN+ (Zheng et al., 2017): It is a text- 426

based recommender that models users and items 427

from review text; we use its cross-domain variant 428

with an added mapping layer for transfer. 429

• HeroGraph (Cui et al., 2020): It obtains cross- 430

domain information by a shared graph, which is 431

constructed by collecting users’ and items’ infor- 432

mation from multiple domains. 433

4.4 Main Results: Cold-Start Cross-Domain 434

Recommendation 435

Table 1 reports MAE/RMSE on six directed trans- 436

fers among BOOKS, MOVIES, and MUSIC under 437

the user-level cold-start split. EviSnap achieves 438

the best performance on five of six transfer di- 439

rections, and is second-best on the remaining 440

MUSIC→MOVIES setting, where HeroGraph is 441

strongest (MAE 0.8020, RMSE 1.0880). Averaged 442
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Table 1: Cross-domain recommendation results. Best and second best are in bold and underlined, respectively.

Method Metric Books
→ Music

Books
→ Movies

Movies
→ Music

Movies
→ Books

Music
→ Movies

Music
→ Books

EMCDR
MAE 1.2894 0.9701 1.1073 0.9834 0.9860 1.1730
RMSE 1.5811 1.2461 1.3679 1.2427 1.2856 1.4954

PTUPCDR
MAE 1.0473 0.9453 0.9384 0.9278 0.9642 1.0809
RMSE 1.3794 1.2326 1.2562 1.2073 1.2760 1.4276

MACDR
MAE 0.8397 0.8987 0.8757 0.8790 0.9038 0.8579
RMSE 1.1042 1.1388 1.1356 1.1376 1.1564 1.0921

HeroGraph
MAE 0.8150 0.8610 0.7980 0.8670 0.8020 0.8860
RMSE 1.0260 1.1180 1.1010 1.1330 1.0880 1.1210

DeepCoNN+
MAE 0.8064 0.8462 0.8413 0.7980 0.9254 0.8548
RMSE 1.0514 1.0919 1.0953 1.0180 1.1777 1.0736

EviSnap MAE 0.7882 0.8205 0.7768 0.7916 0.8990 0.8298
RMSE 1.0243 1.0696 1.0438 1.0056 1.1427 1.0446

1 5 10
m

0

1

2

av
g 

sc
or

e

(a) Deletion (+)
Top-m
Random

1 5 10
m

0

1

2
(b) Deletion ( )

1 5 10
m

0.31

0.33

0.35

0.37

av
g 

|
y|

(c) Sufficiency

1 5 10
m

0.1

0.2

0.3

0.4

av
g 

m
as

s f
ra

c.

(d) Mass

Figure 3: Faithfulness diagnostics on MUSIC→MOVIES. (a) positive deletion vs. random, (b) negative deletion vs.
random, (c) sufficiency (|yfull − ym|), (d) contribution mass.

over transfers, EviSnap improves over the strongest443

review-text baseline DeepCoNN+ from 0.845 to444

0.818 MAE and from 1.085 to 1.055 RMSE (rela-445

tive 3.3% and 2.7%), and yields larger gains over446

the best mapping-based baseline MACDR (6.6%447

MAE, 6.4% RMSE). The largest improvements448

occur on MOVIES→MUSIC, where EviSnap re-449

duces MAE from 0.8413 to 0.7768 and RMSE450

from 1.0953 to 1.0438. Overall, these results sug-451

gest that transferring users through an evidence-452

grounded concept space is competitive for cold-453

start CDR while maintaining an additive structure454

that directly supports faithful, sentence-grounded455

explanations.456

4.5 Ablation: Linear-Head Feature Blocks457

Our scorer is designed to be both accurate and de-458

composable into per-concept effects. To isolate459

whether gains come primarily from concept-level460

matching or from marginal user/item signals, we461

ablate which concept-feature blocks are fed into the 462

linear head, while keeping the concept bank, pool- 463

ing, mapping M, item bias, and training objective 464

fixed. 465

Given mapped user concepts aT (u) ∈ RK and 466

item concepts b(i) ∈ RK
≥0, we define three blocks: 467

x(int)(u, i) = aT (u)⊙ b(i), 468
469

x(u)(u, i) = aT (u), 470
471

x(i)(u, i) = b(i) 472

We then form the head input using binary switches 473

δu, δi ∈ {0, 1}: 474

z(u, i) =
[
x(int)(u, i)

∣∣∣ δu x(u)(u, i)
∣∣∣ δi x(i)(u, i)

]
475

This yields four variants: IntOnly (δu=0, δi=0), 476

Int+User (1, 0), Int+Item (0, 1), and Full (1, 1). 477
On MUSIC to MOVIES (other transfer directions 478

show similar trends), Full performs best, reduc- 479

ing error relative to IntOnly by 0.0157 MAE and 480
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Variant Blocks in z(u, i) MAE↓ RMSE↓
x(int) x(u) x(i)

IntOnly 1 0 0 0.9170 1.1522
Int+User 1 1 0 0.9155 1.1509
Int+Item 1 0 1 0.9079 1.1504
Full 1 1 1 0.9013 1.1468

Table 2: Linear-head block ablation on Music to Movies
(K=128). Best/second-best are in bold/underline.

0.0054 RMSE, indicating that marginal blocks pro-481

vide additional signal beyond pure element-wise482

matching.483

4.6 Faithfulness Diagnostics484

Because yc(u, i) is additive in concept terms (Sec-485

tion 3), we can test faithfulness via direct concept-486

space interventions. On MUSIC to MOVIES (other487

transfers have similar behaviors), we report (i) dele-488

tion: ablate the top-m positive/negative concepts489

ranked by contribk and measure the resulting score490

change, using random deletions as a control; and491

(ii) sufficiency: keep only the top-m concepts by492

|contribk| and compute the residual |yc − y
(m)
c |.493

Figure 3 shows that top-m deletion perturbs pre-494

dictions far more than random, while a small set495

of top concepts largely reconstructs yc, support-496

ing that the surfaced concepts are the model’s true497

drivers and that decisions are distributed across498

multiple facets.499

4.7 Qualitative Analysis500

Table 3 illustrates a cold-start MOVIES to MU-501

SIC explanation for user ALLHLOG4NLA0A and item502

B0007SMCWY. Each row corresponds to a concept k503

in the shared concept bank. The reported score is504

the exact additive term contribk(u, i) in our linear505

head, so positive (negative) values raise (lower) the506

predicted rating by that amount. For each concept,507

we cite the highest-alignment verbatim sentence508

from the user’s MOVIES reviews and the item’s509

MUSIC reviews, making the transfer auditable at510

the sentence level. In this case, the prediction511

is supported by aligned evidence for musician-512

ship/deep cuts (the user values technical skill. the513

album provides many lesser-known performances),514

as well as complementary signals of great value515

and nostalgia. For readability, we show only the516

largest-magnitude contributions.517

5 Related Work518

Cold-start cross-domain recommendation (CDR)519

transfers a user’s signal from a source to a tar-520

Table 3: One MOVIES→MUSIC explanation

Concept (contrib) Cited evidence (user → item)

musicianship/deep
cuts
(+0.45)

User: A MUST FOR EVERY MUSICIAN!
Item: The 38 tracks are non-sequential and they in-
clude many lesser-known performances – both orig-
inals and covers – in addition to most of the well-
known hits,

great value
(+0.32)

User: This is worth every singe penny.
Item: But the price can’t be beat: the set is currently
available new from Amazon Marketplace vendors
for around \$5 (plus shipping).

nostalgia
(+0.28)

User: It brings me back to the 80s when you bought
an Lp and the WHOLE LP was very good.
Item: I am a hugh Al Green fan and this set brings
back a lot of memories and still makes me want to
dance and grove.

get domain, typically by learning domain-specific 521

representations and a mapping/bridge function 522

(e.g., EMCDR/CoNet and later personalized or 523

prototype/mixture-based transfer) to cope with 524

sparse supervision (Zang et al., 2022; Man et al., 525

2017; Hu et al., 2018; Zhu et al., 2022; Wang et al., 526

2024). Reviews provide fine-grained signals via 527

aspect-style models and neural review encoders 528

(Zheng et al., 2017; Tay et al., 2018), but many 529

“explanations” in review-aware recommenders are 530

post-hoc (e.g., attention/highlights) and need not 531

reflect the true scoring rule (Jain and Wallace, 532

2019; Wiegreffe and Pinter, 2019); similarly, LLM- 533

generated justifications can be fluent yet weakly 534

coupled to the predictor and hard to audit (Bao 535

et al., 2023; Wu et al., 2024). EviSnap follows 536

interpretability-by-construction (Rudin, 2019): it 537

distills reviews into facet cards with verbatim ev- 538

idence and predicts in an additive concept space 539

with a linear transfer, yielding exact per-concept 540

contributions that can be directly validated via dele- 541

tion/sufficiency interventions (Lei et al., 2016; Ross 542

et al., 2017). 543

6 Conclusion 544

We propose EviSnap, a lightweight cold-start cross- 545

domain recommender that transfers users through 546

an evidence-grounded concept space derived from 547

reviews. An offline LLM distills reviews into facet 548

cards with verbatim evidence, and a shared concept 549

bank with a linear map and additive head yields 550

ratings with exact, evidence-cited per-concept con- 551

tributions. Across six Amazon Reviews transfers 552

among BOOKS, MOVIES, and MUSIC, EviSnap 553

outperforms SOTA baselines, and shows the faith- 554

fulness of the surfaced concepts transfers. 555
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7 Limitations556

EviSnap relies on an offline LLM step to distill557

reviews into facet cards. While evidence sentences558

are verbatim, the extracted facet phrases and user559

polarity labels may be sensitive to the specific LLM560

and prompts and may inherit noise or biases from561

the model and data. Our approach also assumes562

sufficient review text for both source-domain users563

and target-domain items. Performance and expla-564

nation quality may degrade in text-sparse settings565

where users/items have few or no reviews. Finally,566

interpretability is enabled by an unsupervised k-567

means concept bank and a linear mapping/additive568

head. Concept quality can depend on the encoder569

and the choice of K, and the linear form may miss570

higher-order interactions that could benefit some571

transfers.572
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