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ABSTRACT

Marketing dialogue demands responses that are simultaneously emotion-
aligned, knowledge-grounded, and goal-directed across extended interac-
tions—capabilities that current large language models lack. We propose Affect-
Mind, a multimodal affective agent that maintains and updates both factual and
affective knowledge from textual, visual, and prosodic cues in real time. Affect-
Mind links user affect with purchase intent to condition persuasion strategy selec-
tion, while a reinforcement learning loop optimizes long-horizon behavior through
engagement and emotional coherence feedback. On two multimodal marketing
dialogue benchmarks, AffectMind improves emotional consistency by 26%, per-
suasive success rate by 19%, and user engagement by 23% over competitive base-
lines, demonstrating the effectiveness of proactive affective grounding for com-
mercial dialogue systems.

1 INTRODUCTION

Large Language Models (LLMs) have improved conversational fluency and contextual reasoning
across diverse applications Brown et al. (2020); Zhang et al. (2025); Yu et al. (2025); Hsieh et al.
(2025). However, most deployed dialogue agents remain reactive: they respond turn-by-turn without
explicitly planning toward long-horizon goals or adjusting strategies based on evolving user states Ni
et al. (2025a;b). This gap becomes salient in marketing conversations, where effective interaction
requires intent inference, emotion awareness, adaptive persuasion, and sustained engagement Wang
et al. (2022).

Marketing dialogue differs from general conversation in three aspects. First, success is inherently
goal-oriented: agents must balance emotional alignment, persuasive effectiveness, and long-term
trust to support conversion outcomes. Second, user behavior is strongly shaped by affective factors
such as frustration, excitement, and hesitation, which often manifest through non-textual signals;
yet many deployed systems remain text-centric and do not leverage audio-visual cues Poria et al.
(2017). Third, current systems often rely on static knowledge sources Dinan et al. (2019); Yu & Han
(2025), which can yield stale or mismatched content as conversations and user affect evolve.

Beyond these structural challenges, emotion modeling itself presents additional complexity.
Prior work demonstrates that emotion plays a central role in purchasing behavior Damasio (1994);
Bechara (2005), yet many systems treat emotion as an auxiliary signal without modeling how af-
fective states evolve or interact with persuasive intent Picard (2000); Liang et al. (2024); Niu et al.
(2025). Moreover, few systems optimize for long-term outcomes: turn-level quality does not neces-
sarily translate into sustained engagement or eventual conversion.

To address these limitations, we propose AffectMind, a multimodal affective agent for proactive,
emotionally aligned, knowledge-grounded marketing dialogue. AffectMind integrates three compo-
nents: (i) Proactive Knowledge Grounding Network (PKGN), which continuously updates factual
and affective knowledge from multimodal inputs; (ii) Emotion-Intent Alignment Model (EIAM),
which jointly models user emotional states and purchase intentions to adapt persuasion strategies;
and (iii) Reinforced Discourse Loop (RDL), which optimizes long-horizon dialogue behavior via
reinforcement learning. Figure 1 contrasts conventional reactive agents with AffectMind.
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Figure 1: Motivation. Compared with reactive agents that respond myopically, AffectMind performs
proactive, affect-aware dialogue by jointly grounding on multimodal cues and dynamically updated
knowledge.

Our main contributions are as follows:

• We introduce AffectMind, a unified multimodal agent coupling affect perception, proactive
knowledge grounding, and long-horizon strategy learning for marketing dialogue.

• We develop three tightly integrated components—PKGN, EIAM, and RDL—to maintain
up-to-date factual/affective grounding, align emotion with purchase intent for strategy se-
lection, and optimize engagement over extended interactions.

• We evaluate AffectMind on two multimodal marketing dialogue benchmarks and demon-
strate consistent gains over strong baselines, including 26% higher emotional consistency,
19% higher persuasive success, and 23% higher user engagement.

The remainder of this paper is organized as follows. Section 2 presents methodology and archi-
tectural details. Section 3 describes experimental setup and results. Section 4 concludes the paper.
Related work and theoretical analysis appear in the Appendix.

2 METHODOLOGY

2.1 PROBLEM FORMULATION

We consider a marketing dialogue with T ∈ N turns. Let U = {ut}Tt=1 denote the sequence of
user inputs, and let R = {rt}Tt=1 denote the sequence of system responses. Each input ut contains
multimodal signals, including text utext

t , vision uvis
t (e.g., figures of facial expressions and gestures),

and audio uaud
t (includes tone, pitch, and speaking characteristics). The goal is to generate R by

balancing emotional alignment, persuasive success, and long-horizon engagement:

max
R

αE(U ,R) + β P (U ,R) + γ G(U ,R), (1)

where E(·, ·) measures emotional alignment between user states and system responses, P (·, ·)
quantifies persuasive effectiveness, and G(·, ·) captures long-term user engagement. The weights
α, β, γ ∈ R≥0 control the trade-off among the three objectives.

We instantiate emotional alignment using turn-wise affect embeddings. Let eusrt ∈ Rd denote the
user affect embedding at turn t, and let erspt ∈ Rd denote the affect target induced by the response
at turn t, where d ∈ N is the embedding dimension. Then

E(U ,R) = 1

T

T∑
t=1

sim(eusrt , erspt ) , (2)

where sim(·, ·) is cosine similarity on Rd.
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Figure 2: AffectMind architecture: (1) modality-specific encoding, (2) affective fusion, (3) emotion-
conditioned knowledge grounding (PKGN), and (4) response generation. RDL refines grounding via
coherence feedback (dashed arrows).

2.2 ARCHITECTURE OVERVIEW

Figure 2 illustrates the AffectMind architecture. The system encodes multimodal inputs using
RoBERTa-large for text, Vision Transformer (ViT-B/16) for vision, and Wav2Vec2.0 for audio. The
resulting modality embeddings are denoted by ftext ∈ Rdt , fvis ∈ Rdv , and faud ∈ Rda , with
dt = 1024, dv = 768, and da = 768. A fusion module aggregates them into a shared representation
zt ∈ Rd, which is then passed to PKGN, EIAM, and RDL.

2.3 PROACTIVE KNOWLEDGE GROUNDING NETWORK

PKGN addresses the mismatch between static knowledge sources and rapidly evolving marketing
context by maintaining two complementary memories: factual knowledge Kt

f ∈ Rn×d for product
facts and constraints, and affective knowledge Kt

a ∈ Rm×d for emotion-linked associations and
preferences. Here n,m ∈ N denote the numbers of factual and affective entries, t represents the
turn index and d is the shared embedding dimension.

Then the knowledge state at turn t is Kt = [Kt
f ;K

t
a]. Given the fused representation zt, PKGN

updates the knowledge state via

Kt = Update(Kt−1, zt) . (3)

Specifically, the Update process is as follows.The fusion is implemented with multi-head atten-
tion (MHA):

zt = MHA([ftext;fvis;faud]) , (4)

where MHA(·) denotes a learned attention operator.

Factual and affective memories are updated with learnable rates αf , αa ∈ (0, 1):

Kt
f = Kt−1

f + αf FFf (zt),

Kt
a = Kt−1

a + αa FFa(zt),
(5)

where FFf (·) and FFa(·) are feed-forward networks with hidden width 4d.

To proactively select knowledge for response planning, PKGN applies attention using a context
query qctx ∈ Rd encoded from the dialogue history:

Ksel = Attention(qctx,Kt,Kt) , (6)

where Ksel denotes the selected knowledge used by downstream modules.

2.4 EMOTION-INTENT ALIGNMENT MODEL

EIAM jointly models user affect and purchase intent via two parallel encoders followed by an
interaction-aware fusion module. The emotion encoder aggregates multimodal affective cues:

hemo
t = EmotionEnc([ffacial;fpros;fling]) , (7)
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where ffacial ∈ Rdv denotes facial-expression features from the vision stream, fpros ∈ Rda denotes
prosodic features from the audio stream, and fling ∈ Rdt denotes linguistic sentiment markers from
the text stream.

In parallel, the intent encoder captures purchase-related signals:

hint
t = IntentEnc([fquery;fbehav;fhist]) , (8)

where fquery ∈ Rdt encodes query intent extracted from the user utterance, fbehav ∈ Rdb encodes
interaction behavior features (e.g., clicks and dwell time), and fhist ∈ Rdh encodes dialogue history
using a transformer layer. Here db, dh ∈ N denote the behavior and history embedding dimensions.

The fused user state is constructed by explicitly modeling emotion–intent interactions:

st = FusionNet
(
[hemo

t ;hint
t ;hemo

t ⊙ hint
t ]

)
, (9)

where⊙ denotes element-wise multiplication and st ∈ Rds is the resulting state representation with
dimension ds ∈ N.

Strategy adaptation is implemented as a categorical policy over a predefined persuasion taxon-
omy:

πt = softmax(Wπst + bπ) , (10)

where Wπ ∈ Rk×ds and bπ ∈ Rk are learnable parameters, and πt ∈ Rk is the probability vector
over k persuasion strategies.

2.5 REINFORCED DISCOURSE LOOP

RDL optimizes long-horizon dialogue outcomes using reinforcement learning under a partially
observable Markov decision process. The state at turn t aggregates the EIAM user state, dialogue
context, and the grounded knowledge summary:

sfullt =
[
st; ct; pool(Kt)

]
, (11)

where st ∈ Rds is the EIAM state (Eq. (9)), ct ∈ Rdc encodes dialogue history, and pool(Kt) ∈ Rd

denotes mean pooling over knowledge entries in Kt (Eq. (3)). Hence sfullt ∈ Rds+dc+d.

The action combines a discrete strategy choice with continuous control variables:

at =
[
astrt ; atonet ;acnt

t

]
, (12)

where astrt ∈ {1, . . . , k} selects a persuasion strategy, atonet ∈ [0, 1] controls emotional intensity,
and acnt

t ∈ Rd parametrizes content selection over the grounded knowledge space.

The per-turn reward integrates signals with different horizons:

Rt = w1Rimm,t + w2Reng,t + w3Rconv,t, (13)

where Rimm,t ∈ [−1, 1] captures immediate affective feedback (e.g., sentiment shift), Reng,t ∈
[0, 1] measures engagement (e.g., response length and follow-up questions), and Rconv,t ∈ {0, 1}
indicates conversion. The weights satisfy w1, w2, w3 ∈ R>0 and w1 + w2 + w3 = 1.

We adopt an actor–critic objective with the temporal-difference advantage

At = Rt + γrl Vϕ(s
full
t+1)− Vϕ(s

full
t ), (14)

where γrl ∈ (0, 1) is the discount factor and Vϕ(·) is the value function parameterized by ϕ. The
policy parameters θ and value parameters ϕ are updated as

θ ← θ + ηπ∇θ log πθ

(
at | sfullt

)
At,

ϕ← ϕ− ηv∇ϕ (At)
2
,

(15)

where ηπ, ηv ∈ R>0 are learning rates.
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Algorithm 1 Reinforced Discourse Loop (Compact)
1: Initialize policy πθ and value function Vϕ

2: for each episode do
3: Initialize sfull1 = [s1; c1; pool(K1)]
4: for t = 1 to T do
5: Sample at = [astrt , atonet , acntt ] ∼ πθ(· | sfullt )
6: Interact with user and compute reward Rt by Eq. (13)
7: Update state sfullt+1 by Eq. (11)
8: Compute advantage At by Eq. (14)
9: Update (θ, ϕ) by Eq. (15)

10: end for
11: end for

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

Datasets. We evaluate on two marketing dialogue datasets: MM-ConvMarket (10,000 sessions,
avg. 15.3 turns, 12 product categories) and AffectPromo (5,000 sessions, avg. 22.1 turns, emphasiz-
ing high-emotion scenarios). Both datasets contain synchronized text, video, and audio, with anno-
tations for emotion (6 classes: joy, sadness, anger, fear, surprise, and disgust), persuasion attempts,
and conversion outcomes. Data were collected from volunteer participants with IRB approval, and
the inter-annotator agreement satisfies κ > 0.75. For generalization assessment, we additionally
evaluate on public benchmarks: MELD, EmpatheticDialogues, PersuasionForGood, and DailyDia-
log. Upon acceptance, we will release annotation guidelines, evaluation scripts, and a representative
subset of MM-ConvMarket (approximately 1,000 sessions) under a research-only license to facili-
tate reproducibility.

Baselines. We compare against six representative systems spanning text-only LLMs, multimodal
models, and task-specific agents: (1) GPT-3.5 fine-tuned on 5,000 marketing dialogues (text-only);
(2) GPT-4 with a 2,048-token system prompt encoding emotion and sales guidelines (zero-shot);
(3) MultiModal-BERT Lu et al. (2019) and (4) BLIP-2 Dialogue Li et al. (2023) as multimodal
baselines; (5) EmpDialogue++ Rashkin et al. (2019) for empathy-focused generation; and (6) Per-
suaBot Wang et al. (2022) for persuasion-aware dialogue. All multimodal baselines receive identical
visual and audio inputs as AffectMind.

Metrics. We report: (1) Emotional Consistency: average turn-wise cosine similarity between
predicted user affect and response affect embeddings (Eq. 2), scaled to [0, 100]; (2) Persuasive
Success Rate: percentage of sessions where annotators labeled the final user turn as “purchase in-
tent confirmed,” simulating 7-day conversion (inter-annotator κ = 0.78); (3) User Engagement:
weighted sum of normalized session length (0.4), response rate (0.3), and follow-up question count
(0.3); (4) EIQ Score: average of emotion recognition F1 and strategy appropriateness rating (1–5
scale); (5) Response Quality: mean of 5-point Likert ratings from three trained annotators (Krip-
pendorff’s α = 0.81).

Implementation. Training uses PyTorch 1.12 on four NVIDIA A100 GPUs (40 GB each).
The backbone encoders include RoBERTa-large (355M), ViT-B/16 (86M), and Wav2Vec2.0-large
(317M), totaling approximately 1.2B parameters. We use a learning rate of 2×10−5 with cosine an-
nealing, batch size 16, maximum sequence length 512, and dropout rate 0.1. For RDL optimization,
the discount factor is γrl = 0.95, and the generalized advantage estimation parameter is λgae = 0.95.
Training converges in approximately 50 epochs (about 72 h) in our implementation.

3.2 MAIN RESULTS

Table 1 and Fig. 3 summarize the main results. AffectMind improves all evaluation metrics,
with relative gains reported against the GPT-3.5 baseline. Results are averaged over three runs with
different random seeds; standard deviations are reported in Table 1. We assess statistical significance
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Table 1: Performance comparison on marketing dialogue (mean±std over 3 runs). Higher is better.
Improvements are relative to GPT-3.5, computed as (AffectMind−GPT-3.5)/GPT-3.5× 100%.

Method Emot. Pers. User EIQ Resp.
Cons. Succ.(%) Eng. Score Qual.

GPT-3.5 Baseline 72.2±1.8 64.1±2.1 58.7±1.5 3.2±0.2 3.1±0.2
GPT-4 Enhanced 76.6±1.5 67.2±1.9 62.3±1.4 3.6±0.2 3.5±0.2
MultiModal-BERT 75.6±1.6 66.9±2.0 61.1±1.6 3.4±0.2 3.3±0.2
BLIP-2 Dialogue 78.0±1.4 69.8±1.8 63.4±1.3 3.7±0.2 3.6±0.2
EmpDialogue++ 79.2±1.3 70.1±1.7 65.3±1.2 3.8±0.2 3.7±0.2
PersuaBot 74.4±1.7 71.2±1.8 59.6±1.5 3.3±0.2 3.4±0.2

EIAM EnhancedAffectMind 91.0±1.1 76.4±1.4 71.8±1.0 4.3±0.1 4.2±0.1
Improvement +26.0% +19.2% +22.3% +34.4% +35.5%

Figure 3: Performance comparison on MM-ConvMarket. AffectMind achieves the best results
across all metrics, with relative improvements of +26% (Emot. Cons.), +19% (Pers. Succ.), and
+23% (User Eng.) over GPT-3.5. EIQ and Resp. Qual. are scaled by ×20 for visual alignment.
Error bars denote std. over 3 runs.

using paired bootstrap tests (n = 10,000) over identical dialogue sessions; all improvements over
the best baseline are significant (p < 0.001, two-tailed).

To understand why AffectMind achieves stronger emotional alignment, we examine two auxiliary
metrics. First, Expected Calibration Error (ECE) measures confidence–accuracy alignment: Affect-
Mind achieves ECE=0.08 versus > 0.15 for baselines, indicating more reliable affect predictions.
Second, we analyze affect stability via turn-wise changes ∆et = eusrt − eusrt−1; sessions with lower
Var(∥∆et∥2) correlate with higher conversion rates, validating our design goal of maintaining sta-
ble affect trajectories.

3.3 ABLATION STUDIES

Table 2 indicates that each component contributes to the final performance. Removing PKGN
leads to the largest drop in persuasive success (76.3→72.1, −4.2 pp), consistent with the role of
timely and context-relevant grounding in marketing dialogue. Removing EIAM most strongly de-
grades emotional consistency (91.1→83.2, −7.9 points), supporting the need for joint emotion–
intent modeling when selecting persuasion strategies. Disabling RDL reduces user engagement
(72.1→68.5, −3.6 points), suggesting that long-horizon optimization improves strategy scheduling
across turns.
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Table 2: Ablation study results. Higher is better for all metrics.
Configuration Emot. Pers. User

Cons. Succ.(%) Eng.

AffectMind (Full) 91.1 76.3 72.1
w/o PKGN 85.7 72.1 67.8
w/o EIAM 83.2 69.4 65.2
w/o RDL 88.3 71.9 68.5
w/o Multimodal 79.4 68.7 61.3
Static Knowledge 82.6 70.2 64.7
Text Only 76.2 65.8 58.9

Figure 4: Ablation study on MM-ConvMarket. Removing EIAM causes the largest drop in emo-
tional consistency (−7.9); removing PKGN most affects persuasive success (−4.2 pp). Error bars
denote standard deviation over 3 runs.

Two additional observations emerge. First, knowledge grounding and affect tracking exhibit
complementary effects: accurate affect estimates guide which facts to surface and when. Second,
multimodal inputs yield substantial gains over text-only (91.1 vs. 76.2 in emotional consistency;
72.1 vs. 58.9 in engagement), underscoring the value of non-verbal cues. Finer-grained modality
attribution (text+vision vs. text+audio) appears in Appendix C.

3.4 CROSS-DATASET VALIDATION

Figure 5 summarizes cross-dataset results on MELD, EmpatheticDialogues, PersuasionForGood,
and DailyDialog. We evaluate with the same metric definitions as in Sec. 3 to ensure comparability.
On MELD, AffectMind achieves 86.8% emotional consistency, compared with 78.0% for EmpDia-
logue++ (+8.8 pp), indicating more reliable affect tracking under multimodal cues. On Persuasion-
ForGood, AffectMind attains 76.8% persuasive success, exceeding PersuaBot (71.0%, +5.8 pp). On
EmpatheticDialogues, AffectMind reaches 88.0% emotional consistency and 74.5% persuasive suc-
cess, improving over the strongest empathy-focused baseline by +8.2 pp and +4.3 pp, respectively.

3.5 QUALITATIVE ANALYSIS

Table 3 shows that cross-attention achieves the strongest peak performance, while dynamic gat-
ing approaches this level with lower inference time (49 vs. 52 ms, ≈5.8% faster relative to cross-
attention). Manual analysis of sampled sessions suggests that cross-attention more consistently
couples lexical choices with nonverbal cues, reducing mismatches between tone and content. For
instance, in a high-end electronics scenario, AffectMind de-escalates frustration by reframing tech-
nical specifications into outcome-oriented benefits and then grounds the response with review evi-
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Figure 5: Cross-dataset generalization on four public benchmarks. AffectMind consistently outper-
forms baselines across all metrics, with the largest gains on MELD (emotional consistency +8.8 pp)
and PersuasionForGood (persuasive success +5.8 pp). Error bars denote standard deviation over 3
runs.

Table 3: Multimodal fusion strategy comparison.
Performance Efficiency

Strategy Emot. Pers. User Time Params
Cons. Succ. Eng. (ms) (M)

Early Fusion 84.2 70.1 66.3 45 890
Late Fusion 82.7 68.9 64.8 38 875
Cross-Attention 91.1 76.3 72.1 52 920
Dynamic Gating 89.6 74.8 70.5 49 905

dence; in contrast, text-only or weakly grounded baselines tend to persist with specification-heavy
explanations and exhibit higher user drop-off. To isolate modality-level contributions (text+vision
vs. text+audio), we provide additional modality ablations in the Appendix.

We further analyze long-session stability (cf. Table 5). Performance degrades with dialogue
length, with the largest relative drops observed in memory retention and engagement beyond 50
turns. Affect-aware compression that preserves (i) objections, (ii) explicit commitments, and (iii)
affect-trend descriptors recovers a substantial portion of this degradation by keeping strategy selec-
tion anchored to recent user concerns.

4 CONCLUSION

We presented AffectMind, a multimodal affective agent unifying dynamic knowledge grounding
(PKGN), joint emotion–intent modeling (EIAM), and reinforcement-based discourse optimization
(RDL) for emotionally aligned marketing dialogue. Experiments on two benchmarks demonstrate
consistent improvements in emotional consistency (+26%), persuasive success (+19%), and user en-
gagement (+23%) over competitive baselines. Beyond turn-level gains, additional analyses indicate
that improved emotion–intent alignment contributes to more stable interaction trajectories and bet-
ter calibration between short-term persuasion and long-term engagement. Cross-dataset validation
further suggests that the proposed design generalizes beyond the two proprietary benchmarks.

Limitations. The current implementation incurs non-trivial computational overhead (52 ms la-
tency, 1.2B parameters). Our datasets primarily reflect Western cultural norms, limiting cross-
cultural generalizability. Error analysis reveals that 38% of failures stem from sarcasm misclassi-
fication; robust nuanced-affect handling remains an open challenge. Specifically, inference latency
increases by 37% compared to text-only GPT-4 (52 ms vs. 38 ms), and training requires 4×A100
GPUs for 72 hours. Deployment in low-resource settings may require model distillation.

Responsible deployment. We advocate transparency safeguards (explicit AI disclosure, user-
accessible strategy explanations, informed consent for affect processing) and prohibit manipulative
tactics. Differential privacy (ε=0.1) is applied to affective embeddings to mitigate re-identification
risks.
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APPENDIX

A RELATED WORK

A.1 MULTIMODAL DIALOGUE

Multimodal dialogue extends text agents with vision and audio Liang et al. (2022); Li et al.
(2023); Ni et al. (2024), evolving from simple fusion to transformer-based joint modeling Antol et al.
(2015); Das et al. (2017); Li et al. (2019); Lu et al. (2019) and richer fusion strategies Baltrušaitis
et al. (2019); Zadeh et al. (2017); Wang et al. (2025); Zeng et al. (2026). Most prior work targets
VQA or open-domain chat and is largely reactive, with limited emphasis on emotion-aware goal
steering under marketing objectives Li et al. (2024).

A.2 AFFECTIVE COMPUTING

Affective computing studies emotion sensing and response generation Picard (2000); Calvo &
D’Mello (2010), progressing from unimodal approaches Liu (2012); El Ayadi et al. (2011) to mul-
timodal affect recognition Baltrušaitis et al. (2016); Zadeh et al. (2018). Emotion conditioning
improves dialogue experience Zhou et al. (2018a); Majumder et al. (2020); Rashkin et al. (2019),
but emotion is often treated as an auxiliary signal rather than a decision variable coupled with intent
and persuasion planning Samad et al. (2022); Shi et al. (2021); Yoshino et al. (2018); Genç et al.
(2025); Carrasco-Farré (2024).

A.3 KNOWLEDGE GROUNDING.

Knowledge-grounded dialogue improves factuality via external sources Dinan et al. (2019);
Ghazvininejad et al. (2018) using retrieval mechanisms Moon et al. (2019); Zhou et al. (2018b);
Madotto et al. (2018). Proactive dialogue aims to steer conversations toward objectives Wu (2021);
Yang et al. (2021); Tang (2021), but typically does not distinguish factual versus affective knowledge
states with continuous updates as in PKGN.

A.4 MARKETING DIALOGUE.

Conversational marketing systems range from service chatbots to persuasion-aware agents Kumar
et al. (2019); Chung et al. (2020); Følstad & Brandtzæg (2017); Fogg (2002); Torning & Oinas-
Kukkonen (2009). Persuasive AI raises trust and ethics challenges Berdichevsky & Neuenschwander
(1999); Ryan (2020); Metz & Satariano (2023). Many systems remain rule-driven and weak at
affect-aware planning, motivating integrated designs that jointly model emotion, intent, grounding,
and long-horizon optimization.

B DETAILS OF CORE MODULES

This appendix elaborates on the architectural details and operational specifics of the key neural
modules referenced in Section 2, which are succinctly represented by functional notations (e.g.,
EmotionEnc, Attention) in the main text.

B.1 MULTIMODAL ENCODERS (EmotionEnc, IntentEnc)

The multimodal encoders are designed to project heterogeneous, high-dimensional input features
into a unified, lower-dimensional latent space conducive to joint reasoning. Both the emotion en-
coder (EmotionEnc) and the intent encoder (IntentEnc) follow a hierarchical design principle.

Modality-Specific Processing: Each input feature stream (e.g., facial ffacial, prosodic fpros, be-
havioral fbehav) is first processed by a dedicated sub-network. These typically consist of a linear
projection layer to align dimensions, optionally followed by a sequence model (a one-layer Gated
Recurrent Unit (GRU) or a 1D Convolutional Neural Network) to capture temporal dynamics where
applicable. All sub-networks output features of a consistent hidden dimension dh.
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Cross-Modal Fusion: The aligned modality features are then integrated. For EmotionEnc, a multi-
head cross-attention mechanism is employed where the linguistic sentiment features serve as the
primary query to attend to and aggregate relevant information from the audio and visual streams.
For IntentEnc, the processed features of query, behavior, and dialogue history are concatenated
and passed through a two-layer Multilayer Perceptron (MLP) with ReLU activation and dropout for
nonlinear fusion. This process yields the final state representations

hemo
t

and hint
t .

B.2 PROACTIVE KNOWLEDGE SELECTION (Attention)

The operation
Ksel = Attention(qctx,Kt,Kt)

implements a standard scaled dot-product attention mechanism. The context query

qctx

is derived from the encoded dialogue history via a linear transformation. The knowledge memory

Kt ∈ RM×dk

is a matrix of
M

factual embeddings. The attention scores are computed as softmax(qctxK
T
t /
√
dk), producing a

probability distribution over the memory slots.

Ksel

is the weighted sum of the values (identical to Kt), effectively selecting and retrieving the most
context-relevant knowledge vector for downstream response planning.

B.3 INTERACTION-AWARE FUSION (FusionNet)

The
FusionNet

module is central to modeling the dyadic interaction between affect and intent. It takes the concate-
nated vector of

[hemo
t ;hint

t ;hemo
t ⊙ hint

t ]

as input. The Hadamard (element-wise) product

hemo
t ⊙ hint

t

explicitly constructs a first-order interaction feature, capturing multiplicative couplings between the
two psychological states (e.g., how the intensity of a particular emotion may modulate a specific
intent). This concatenated input is processed by a two-layer MLP with GELU activations and Layer
Normalization applied after each layer. A residual connection from the initial linear projection of
the concatenated features to the output of the second layer stabilizes training. The module outputs
the final, interaction-informed user state st.

B.4 NETWORK HYPERPARAMETERS & TRAINING

Across all modules, we set the unified hidden dimension dh = 256. The attention mechanisms
use 4 heads. All MLPs, unless specified otherwise, expand the hidden dimension by a factor of 4 in
their intermediate layer. We employ dropout with a rate of

p = 0.1

in all fusion and MLP layers to prevent overfitting. The models are trained end-to-end using the
AdamW optimizer with a decoupled weight decay of 0.01.
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Table 4: Architecture specifications.
Component Layers Hidden Dim

Text Encoder (RoBERTa-large) 24 1024
Vision Encoder (ViT-B/16) 12 768
Audio Encoder (Wav2Vec2.0) 24 768
Multimodal Fusion (MHA) 4 512
PKGN Memory 2 512
EIAM Fusion 2 256
RDL Policy Network 3 256
RDL Value Network 3 256

C IMPLEMENTATION DETAILS

C.1 MODEL ARCHITECTURE

Table 4 summarizes the detailed architecture specifications for each component.

C.2 TRAINING DETAILS

We use AdamW optimizer with β1 = 0.9, β2 = 0.999, and weight decay 0.01. The learning rate
warms up linearly for the first 5% of training steps, then decays following a cosine schedule. For
RDL, we use PPO with clip ratio ϵ = 0.2 and GAE parameter λ = 0.95. The reward weights are set
to w1 = 0.3, w2 = 0.3, w3 = 0.4 based on validation performance.

C.3 INFERENCE PIPELINE

At inference time, the system processes inputs in the following order: (1) encode multimodal
inputs in parallel (∼15ms), (2) fuse representations and update PKGN (∼12ms), (3) compute EIAM
state and select strategy (∼10ms), (4) generate response with grounded knowledge (∼15ms). Total
latency is approximately 52ms on a single A100 GPU.

D DATASET DETAILS

D.1 MM-CONVMARKET

MM-ConvMarket contains 10,000 marketing dialogue sessions across 12 product categories:
electronics (18%), fashion (15%), home appliances (12%), beauty (11%), food & beverage (10%),
sports (8%), books (7%), toys (6%), automotive (5%), health (4%), travel (2%), and others (2%).
Each session includes synchronized text transcripts, 30fps video of user facial expressions, and
16kHz audio recordings.

D.2 ANNOTATION PROTOCOL

Three trained annotators labeled each session for: (1) turn-level emotion (6 classes, majority
voting), (2) purchase intent (5-point scale), (3) persuasion attempt success (binary), and (4) final
conversion outcome. Inter-annotator agreement was κ = 0.78 for emotion and κ = 0.82 for intent.

D.3 DATA SPLIT

We use 70%/15%/15% train/validation/test splits, stratified by product category and conversion
outcome to ensure balanced evaluation.

E THEORETICAL ANALYSIS

We provide theoretical guarantees for the three core components of AffectMind.
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Table 5: Long conversation stability analysis. Degradation is relative to the 1–10 turn bin.
Turns Emot. Cons. Know. Cons. Resp. Rel. User Eng. Mem. Ret. Strat. Eff.

1–10 91.5 93.2 94.1 88.7 95.3 89.6
11–20 90.8 91.7 92.8 86.4 91.8 87.3
21–30 89.3 89.5 90.2 83.1 87.4 84.9
31–40 87.6 86.8 87.9 79.8 82.7 81.2
41–50 85.2 83.4 84.6 75.3 77.9 77.8
51+ 82.7 79.1 80.3 70.6 72.5 73.4

Degradation 9.6% 15.1% 14.7% 20.4% 23.9% 18.1%

Theorem E.1 (Knowledge consistency). Given an initial state K0 and an input sequence
{x1, . . . ,xT }, the PKGN sequence {K1, . . . ,KT } satisfies:

∀t, d(Kt,K
∗) ≤ (1− α)t d(K0,K

∗) +
εcmp

α
, (16)

where K∗ denotes a fixed point of the update operator, α ∈ (0, 1) is the update rate, εcmp ≥ 0 upper-
bounds the per-step compression error, and d(·, ·) is a (semi-)metric in the knowledge embedding
space.

Remark. Theorem E.1 formalizes that PKGN remains stable under bounded update noise, supporting
long-session dialogue where knowledge is continuously refreshed.

Empirical verification. We track ∥Kt −Kt−1∥F across turns in 500 sampled sessions. The norm
decreases monotonically after turn 5 in 87% of sessions, consistent with the contraction property
implied by Theorem E.1.
Proposition E.1 (Joint modeling advantage). Let I(e; i) denote the mutual information between
emotional state e and purchase intent i. The joint model error ϵjoint satisfies:

ϵjoint ≤ ϵsep − β I(e; i), (17)

where ϵsep is the independent modeling error and β > 0 is a coupling coefficient.

Remark. Proposition E.1 justifies EIAM: when emotion and intent are statistically coupled, explic-
itly modeling their interaction reduces prediction error compared with separate encoders.
Theorem E.2 (RDL convergence). Assume bounded rewards |Rt| ≤ Rmax, learning rate schedules
satisfying

∑
t ηt = ∞ and

∑
t η

2
t < ∞, and ergodic state–action visitation. Then the RDL policy

πθ converges to a local stationary point π∗
θ satisfying:

∇θJ(π
∗
θ) = 0, J(π) = Eτ∼π

[ ∞∑
t=0

γtRt

]
. (18)

Remark. Theorem E.2 ensures that RDL converges under standard stochastic approximation condi-
tions, providing a theoretical foundation for long-horizon dialogue optimization.

F ADDITIONAL RESULTS

This section provides supplementary analyses examining AffectMind’s behavior under extended
interactions and the individual contributions of PKGN and EIAM components.

Table 5 presents long conversation stability analysis across different dialogue lengths. Perfor-
mance degrades with dialogue length, with the largest relative drops observed in memory retention
(23.9%) and user engagement (20.4%) beyond 50 turns. Notably, emotional consistency exhibits the
smallest degradation (9.6%), suggesting that EIAM maintains relatively stable affect tracking even
in extended sessions. These findings motivate future work on memory-efficient architectures and
hierarchical context compression.

Table 6 compares PKGN against alternative knowledge update strategies, demonstrating con-
sistent improvements across all metrics. Static knowledge bases show the weakest performance,
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Table 6: PKGN knowledge update effectiveness. Relev.: knowledge relevance; Acc.: response
accuracy; Coher.: dialogue coherence; Timely: information timeliness; Satis.: user satisfaction.

Strategy Relev. Acc. Coher. Timely Satis.

Static KB 0.72 0.68 0.75 0.61 3.2
Periodic 0.81 0.74 0.79 0.73 3.6
Attention 0.85 0.79 0.82 0.78 3.9
PKGN 0.93 0.87 0.91 0.89 4.3

while attention-based retrieval provides moderate gains. PKGN achieves the best results by com-
bining proactive updates with emotion-conditioned selection, yielding a 29% relative improvement
in relevance over static baselines.

Table 7 analyzes how EIAM performs across different user emotional states, showing that intent
recognition and strategy matching are most challenging for angry users but substantially improved
with EIAM enhancement. The results indicate a strong correlation between emotional valence and
conversion rate: positive and excited states yield 3–4× higher conversion than angry states, high-
lighting the importance of accurate affect modeling for downstream persuasion success.

Table 7: Emotion–intent alignment analysis.
State Intent Acc. (%) Strategy Match (%) Conv. (%) Pos. Resp. (%)

Positive 92.3 94.1 42.7 88.5
Neutral 87.6 85.3 31.2 76.8
Negative 83.4 79.8 18.9 65.3
Angry 78.1 72.6 12.4 58.7
Confused 85.9 83.2 25.7 71.4
Excited 90.8 91.5 38.9 85.2

Average 86.4 84.4 28.3 74.3
EIAM Enhanced 91.2 93.7 36.8 87.9

G FAILURE CASE ANALYSIS

To better understand the limitations of AffectMind, we manually analyze 100 randomly sampled
failure cases from the MM-ConvMarket test set. Table 8 summarizes the primary failure modes.

Table 8: Distribution of failure modes (100 sampled cases).
Failure Mode Count Percentage

Sarcasm misclassification 38 38%
Knowledge staleness 27 27%
Strategy mismatch 22 22%
Multimodal misalignment 13 13%

G.1 SARCASM MISCLASSIFICATION (38%).

EIAM frequently interprets sarcastic remarks as positive sentiment. For example, when a user
states “Oh great, another subscription service” with a dismissive facial expression, the text encoder
captures superficially positive lexical cues (“great”) while the visual encoder detects negative affect.
The fusion module fails to resolve this conflict, leading to an inappropriately enthusiastic response.

G.2 KNOWLEDGE STALENESS (27%).

PKGN occasionally fails to update discontinued or modified product information within the ses-
sion. This occurs primarily when users reference external sources (e.g., “I saw on Reddit that this
model was recalled”) that contradict the initialized knowledge base.
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G.3 STRATEGY MISMATCH (22%).

RDL sometimes selects aggressive upselling strategies for hesitant users, particularly when short-
term engagement signals (e.g., continued responses) mask underlying negative purchase intent. This
suggests the reward weighting (w1, w2, w3) may require context-dependent adaptation.

G.4 MULTIMODAL MISALIGNMENT (13%).

Conflicting cues between modalities—such as positive text with negative facial expressions, or
neutral text with excited prosody—occasionally lead to incoherent response tone. Cross-attention
fusion mitigates but does not fully resolve such cases.

G.5 IMPLICATIONS.

These findings suggest several directions for future work: (1) dedicated sarcasm detection mod-
ules or contrastive training on sarcastic examples; (2) real-time knowledge verification against ex-
ternal sources; (3) adaptive reward shaping based on user hesitation signals; and (4) explicit conflict
resolution mechanisms for multimodal fusion.
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