
Avatar Forcing: Real-Time Interactive Head Avatar Generation
for Natural Conversation

Supplementary Material

Organization The appendix is organized as follows: In
Sec. A, we provide the additional backgrounds of our work.
We describe the details of our model architecture in Sec. B
and the preference optimization method in Sec. C. Experi-
mental details are presented in Sec. D, and further discus-
sion is provided in Sec. E.

A. Background
Flow Matching Flow matching [12, 13] is a generative
model that transforms a simple prior distribution p0, for ex-
ample, a Gaussian distribution, into the target data distribu-
tion p1 via an ordinary differential equation (ODE):

dxt

dt
= vθ(xt, t), t ∈ [0, 1], (8)

where for fixed x0 ∼ p0 and x1 ∼ p1, the intermediate sam-
ple is a linear interpolation xt = tx1 + (1 − t)x0. The
training objective of flow matching is to regress the vector
field vθ toward the target vector field vt = x1 − x0:

LFM (θ) = Et,xt
[∥vθ(xt, t)− (x1 − x0)∥] . (9)

It then generates target samples by solving Eq. (8). Note
that flow matching can be interpreted as a diffusion
model [9, 16] where a noise schedule follows the linear tra-
jectory between the prior and the target data.

B. Details on Model Architecture
In Sec. B.1, we provide more details on the motion latent
auto-encoder. In Sec. B.2, we provide more details on the
vector field predictor vθ.

B.1. Motion Latent Auto-encoder
In Fig. 9, we show an overview of the motion latent auto-
encoder. It encodes an image into a latent vector that can
be decomposed into an identity representation (i.e., appear-
ance) and the motion representation. This auto-encoder is
trained to reconstruct a driving image using a source image
that shares the same identity. During each training iteration,
the encoder encodes two images S and D drawn from the
same video clip, and computes the zS→D := zS +mD that
transforms the source image into the reconstructed D̂. This
explicit decomposition yields a compact motion representa-
tion, enabling fast motion generation.

We train this auto-encoder on our dataset, following the
training objective described in the original paper. For more
details, including the property of this latent space, training
details, please refer to [11, 20].
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Figure 9. Overview of Motion Latent Encoder. It encodes an
image into a latent vector that has explicit identity-motion decom-
position.
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Figure 10. Detailed architecture for Motion Generator in vθ .

B.2. Vector Field Model vθ
Model Architecture The model vθ comprises two main
components: the Dual Motion Encoder and the Causal
DFoT Motion Generator. The Dual Motion Encoder uni-
fies three multimodal inputs through a cross-attention layer,
computed as softmax

(
QK⊤
√
d

)
V , where

Q = qWq, K = kWk, V = vWv, (10)

and Wq,Wk,Wv ∈ Rd×d are learnable projection ma-



trices for the query q, key k, and value v ∈ RN×d, re-
spectively (N is the number of latents). In the first cross-
attention layer, the encoder captures holistic verbal and non-
verbal user motion by using the user motion latent mu as
the query. In the second layer, it integrates this aligned user
motion with the avatar’s audio by taking the avatar audio as
the query. We use four attention heads, each with a hidden
dimension of d = 512, for both cross-attention layers.

In Fig. 10, we provide a detailed architecture for the mo-
tion generator. It consists of eight DFoT transformer blocks
followed by a transformer head. Specifically, in each DFoT
block, noisy latents (m1

t1 ,m
2
t2 , · · · ,m

N
tN ) are modulated

by the flow time t = (t1, t2, · · · , tN ) through a shared
AdaLN scale-shift coefficients (ToTimeEmb layer) [3].

For the attention modules, we use Blockwise Causal
Look-ahead Mask (Eq. (5)) in self-attention and a Sliding-
window Attention Mask for aligning the driving signal c1:N

to the noisy latents. Specifically, we introduce the Block-
wise Casual Look-ahead Mask to ensure the causal motion
generation in our motion latent space, which significantly
improves the temporal consistency of the generated video,
as demonstrated in Sec. D.4. Unlike the recent video dif-
fusion models that employ a spatio-temporal compression
module [10, 21] where each latent correlates to multiple
video frames by the compression rate (e.g., 4× or 8×),
our motion latent has one-to-one correspondence with each
frame in pixel space. Under this setting, a simple (block-
wise) causal mask alone produces the temporal inconsisten-
cies across the frames or blocks.

C. Details on Preference Optimization
Training Objective Formulation Inspired by Diffu-
sionDPO [19], we formulate the training objective LDPO

in the context of diffusion forcing [2]. Let (ml,mw) de-
note a pair of less-preferred and preferred motion latents,
each consisting of N frames, where ml := (ml,n)Nn=1 and
mw := (mw,n)Nn=1. Following the per-token independent
noising process of diffusion forcing, we construct the noisy
latent pairs as:

mw,n
tn

:= tnm
w,n + (1− tn)m

n
0 ,

ml,n
tn

:= tnm
l,n + (1− tn)m

n
0 ,

(11)

where n ∈ [1, N ] is the frame index, tn ∈ [0, 1] is the n-
th flow time, and m0 := (mn

0 )
N
n=1 ∈ RN×d is the noise

sequence. With these notations, we formulate LDPO as

LDPO(θ) = −En,tn,cn,(mw,n,ml,n)

log σ
(
− β

[
∥vw,n

tn − vθ(m
w,n
tn , tn, c

n)∥

− ∥vw,n
tn − vref(m

w,n
tn , tn, c

n)∥

− (∥vl,ntn − vθ(m
l,n
tn , tn, c

n)∥

− ∥vl,ntn − vref(m
l,n
tn , tn, c

n)∥)
])

,

(12)

Algorithm 2 Motion inference with KV caching (Detailed)

Require: ODE timesteps {tn}Tn=0, motion generator vθ , video
length N , block size B, lookahead size l, max cache size M ,
user inputs (au,mu), avatar audio ai, latent-to-frame decoder
Dec, offset O, and id latent zS .

1: Divide the frames into L = ⌈N/B⌉ blocks
2: Initialize KV, cKV← [ ], [ ] ▷ Frame & condition caches
3: for i = 1 to L do
4: Sample Noise block mi

t0 ∼ N (0, I), ▷mi
t0 ∈ RB×d

5: Acquire User inputs (ai
u, mi

u) and avatar audio ai .
6: Set ci← (ai

u,m
i
u,a

i) ▷ Condition triplet
7: Merge offset mi

t0 , ci← Concat(mi
t0 , ci; Oi)

8: for j = 0 to T do
9: Solve ODE: mi

tj+1
← vθ(m

i
tj , tj ; c

i,KV, cKV)
10: end for
11: Decode & Return xi

1← Dec(zS ,m
i
1) ∈ RB×3×H×W

12: Update caches kvi, ckvi← vθ(z
i
1, 1; c

i,KV, cKV)
13: if |KV| = |cKV| =M then
14: KV.pop(0) and cKV.pop(0)
15: end if
16: KV.append(kvi) and cKV.append(ckvi)
17: Update offset Oi+1← (mi

1[−l :], ci[−l :])
18: end for

where cn is the n-th unified condition, vref is the reference
vector field model, the target vector fields for less-preferred
and preferred samples are given by

vl,ntn
:= ml,n −mn

0 and vw,n
tn

:= mw,n −mn
0 . (13)

D. Experimental Details
D.1. Inference Details
Classifier-Free Guidance (CFG) We apply independent
classifier-free guidance (CFG) [1] for multiple driving con-
ditions. Specifically, we compute the modified vector field
ṽθ as

ṽθ(xt, t; c) := vθ(xt, t; c{∅,∅}),

+ wa[vθ(xt, t; c{a,∅})− vθ(xt, t; c{∅,∅})],

+ wu[vθ(xt, t; c{∅,u})− vθ(xt, t; c{∅,∅}],
(14)

where c{x,y} denotes a driving condition with the con-
ditions x and y. a denotes the avatar audio, and u =
{au,mu} is the set of user audio au and user motion mu.
wa and wu are the CFG scales of the avatar audio and user
condition, respectively. We use 10% dropout rate for each
condition during training.

Motion Inference Details We provide more details on
our inference strategy in Algorithm 2.

While the lookahead attention enables to generate tem-
porally consistent motion across the blocks, naively intro-
ducing it incurs additional latency as it requires l future



frames. To tackle this problem, we introduce an offset Oi

for i-th block generation. Specifically, the offset Oi con-
sists of the last l clean motion latents and the corresponding
condition from the previous block:

Oi+1 = (mi
1[−l :], ci([−l :])), (15)

where i = 1, · · · , L− 1. These offset motion frames are
concatenated with the current noisy motion block mi

tj ∈
RB×d and the condition ci ∈ R3×B×d along the time axis,
resulting in l + B motion frames and corresponding con-
ditions (Line 7 in Algorithm 2). Due to the flexibility of
diffusion forcing, we can assign difference flow time sched-
ules, i.e., t = 1 for the offset and t = tj for the current
noisy latent block.

As we compute the modified vector field ṽθ for CFG as
in Eq. (14), we separately cache and update the KV of these
vector fields vθ(·; c{∅,∅}), vθ(·; c{a,∅}), and vθ(·; c{∅,u}).
To obtain the KV caches of the clean block, we compute
all three by reusing the generated motion block along with
the existing KV caches [10]. Moreover, due to the introduc-
tion of lookahead attention and offset, the KV caches are
updated except the for last l frames and these frames are
provided by the offset. Therefore, the maximum cache size
is M = L−B − l = 38.

D.2. Training Details
We train the vector field model vθ in Eq. (6) for 2000k steps
while freezing the motion latent auto-encoder. We use L1
distance for ∥ · ∥. For fine-tuning the model using the pro-
posed preference optimization method in Eq. (7), we set the
balancing coefficient to λ = 0.1 and the deviation param-
eter to β = 1000. We initialize the reference model vref
with the same weights as the trained vθ. We fine-tune vθ for
5k steps and observe that additional tuning does not yield
further performance gains.

D.3. Baseline Implementation
One major challenge of evaluating an interactive head avatar
model is the absence of official implementation of base-
line methods. To bridge this gap, we reproduce INFP [24]
on the motion latent space of [11], following its core mod-
ule, Motion Guider and denote the reproduced model as
INFP*. Based on the description in the original paper, we
adopt a bidirectional Transformer encoder for motion gen-
eration, where a single window consists of N = 75 frames
and additional 10 frames serve as context frames. For Mo-
tion Guider, we set K = 64 for both verbal and non-verbal
motion memory banks. We train INFP* on our dataset for
2000k steps.

D.4. Additional Ablation Studies
Comparison with Autoregressive Diffusion We com-
pare our motion latent diffusion forcing with standard au-

toregressive diffusion, where the motion generator is con-
ditioned on clean context motion latents. Specifically, we
train the motion generator in an autoregressive diffusion
manner using four clean context blocks (40 frames) and one
noisy block (10 frames). As shown in Fig. 11, autoregres-
sive diffusion suffers from degraded long-horizon genera-
tion, whereas diffusion forcing is much more robust to mo-
tion drift, highlighting its necessity.

Ablation on Motion Motion block Size In Tab. 7, we
provide an ablation study on motion block size under a
fixed number of training frames N = 50. Increasing block
size (i.e., reducing the number of frames in each block)
leads to lower latency while achieving quantitative perfor-
mance. Conversely, reducing the block size (i.e., increas-
ing the number of frames in each block) can improve the
temporal consistency (FVD) and Lip-sync quality (LSE-D)
with higher latency.

Additional Quantitative Results In Tab. 6, we present
the ablation studies on our model with additional metrics,
including Visual Quality and Lip Synchronization. We pro-
vide a video results of the ablation study. Please refer to the
videos “02_ablation_wo_user_motion.mp4” and “02_ab-
lation_wo_DPO.mp4”. Moreover, we provide video ab-
lation results on the attention mask, where each masking
method is illustrated in Fig. 12. The motion jittering ob-
served when using only the blockwise causal mask is clearly
visible in the video results, yet difficult to capture with
quantitative metrics. We highly recommend watching the
ablation video “02_ablation_attention_mask_XX.mp4”.

D.5. Evaluation Metrics
Reactiveness and Motion Richness Reactiveness and
Motion Richness are computed using the EMOCA-
based [6] 3D morphable models (3DMMs) that model the
facial dynamics via 50-dim expression parameters and 6-
dim pose parameters. We extract those parameters using
an off-the-shelf 3DMM extractor, SPECTRE [8], for each
video frame. Let us denote x ∈ RN×d as the ground-truth
user parameters, y ∈ RN×d as the ground-truth avatar pa-
rameters, and ŷ ∈ RN×d as the generated avatar parame-
ters. L is the number of frames and d is the feature dimen-
sion. As reported in Tab. 1 and Tab. 4, we can compute
rPCC, SID, Var, and FD for expression and pose, respec-
tively.

• rPCC (residual Pearson Correlation Coefficients) [17]
is to measure the motion synchronization between the
user parameters and avatar parameters. Specifically, L1
distance is used to measure the discrepancy between
generated PCC and ground-truth PCC where we define
PCC as a function of z ∈ RN×d given ground-truth user



A
R

 D
if

fu
si

o
n

D
if

fu
si

o
n

 F
o
rc

in
g

Reference

Training Horizon Long Horizon

…

…

Figure 11. Comparison of autoregressive diffusion and diffusion forcing. Autoregressive diffusion suffers from motion drift (red arrow)
over the long horizon, whereas diffusion forcing maintains stable motion generation over the long horizon.

Table 6. Ablation study with additional metrics on user motion and preference optimization. “w/ mu” indicates whether the user motion
latent mu is provided as input to the model during both training and inference.

Method Reactiveness Motion Richness Visual Quality Lip Synchronization

w/ mu DPO rPCC-Exp ↓ rPCC-Pose ↓ SID ↑ Var ↑ FID ↓ FVD ↓ CSIM ↑ LSE-D ↓ LSE-C ↑
✗ ✗ 0.052 0.175 2.165 1.586 28.746 185.593 0.818 8.260 6.423
✓ ✗ 0.042 0.146 2.236 1.408 25.600 175.322 0.854 8.160 6.803

✓ ✓ 0.003 0.036 2.442 1.734 24.328 170.874 0.833 8.060 6.723
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Figure 12. Attention Mask Comparison. (Left) framewise causal
mask; (Middle) blockwise causal mask; (Right) blockwise causal
look-ahead mask (Ours).

parameters x:

PCC(z|x) =
∑

(zi − z̄)(xi − x̄)√∑
(zi − z̄)2

∑
(xi − x̄)2

, (16)

where i ∈ [0, N ] is the frame index, and z̄ and x̄ denote
the mean of z and y, respectively. Based on this nota-
tion, we can define rPCC as |PCC(y|x)− PCC(ŷ|x)|.

• SID (Shannon Index for Diversity) [14] is to mea-
sure the motion diversity of the generated avatars us-
ing K-means clustering on 3DMM parameters. Follow-
ing [14], we compute the average entropy (Shannon in-
dex) of the clusters with K = 15, 9 for expression and
pose, respectively.

• Var is the variance of the parameters from generated
avatars, which is computed along the time axis and then
averaged along the feature axis.

• FD (Frechet Distance) [15] measures the distance be-
tween the expression and pose distributions of the gen-

Table 7. Ablation studies on motion block sizes on RealTalk.

# blocks Latency (s) ↓ rPCC-Exp ↓ rPCC-Pose ↓ FVD ↓ SID ↑ LSE-D ↓
10 0.3 0.012 0.056 222.47 2.355 7.290
2 1.5 0.003 0.031 155.81 2.145 6.555

5 (Ours) 0.5 0.003 0.036 170.87 2.442 6.723

erated avatars and the ground truth by calculating

|µŷ − µy|+ tr(Σŷ +Σy − 2(ΣŷΣy)
1
2 ), (17)

where µ and Σ are the mean and the covariance matrix,
respectively.

Visual Quality We utilize FID [15] and FVD [18] to as-
sess the image and video quality of the generated avatars,
and CSIM [7] to measure the identity preservation perfor-
mance of avatar generation models.

• FID (Frechet Inception Distance) measures the quality
of the generated frames by comparing the distribution of
image features extracted from a pre-trained feature ex-
tractor [15]. The FD computation in Eq. (17) is adopted
using the extracted image features.

• FVD (Frechet Video Distance) quantifies the spatio-
temporal quality of the generated videos by comparing
the feature distributions of real and generated videos in a
learned video feature space [18]. It reflects both frame-
wise quality and temporal consistency. The FD compu-
tation in Eq. (17) is adopted using the extracted video
features.

• CSIM (Cosine Similarity for Identity Embedding) eval-
uates identity preservation by computing cosine similar-
ity between the facial embeddings from the generated



and the source image, extracted using ArcFace [7].

Lip Synchronization We compute LSE-D and LSE-C [4]
to assess the alignment between the generated lip motion
and the corresponding audio.

• LSE-D and LSE-C (Lip Sync Error Distance and Con-
fidence): Both metrics are derived from a pre-trained
SyncNet-based audio–visual synchronization model.
LSE-D measures the distance between the audio and
lip embeddings, where lower values indicate better syn-
chronization. LSE-C measures the confidence score of
synchronized audio–visual pairs, where higher values
indicate more accurate lip-audio alignment.

D.6. Human Evaluation
In Fig. 13, we show the interface used for our human evalu-
ation. To improve the evaluation consistency, we addition-
ally provided participants with a reference test and answer
sheet. We asked 42 participants to compare 12 videos based
on 5 evaluation metrics and indicate their preference. We
also provide a video test sheet. Please refer to “04_hu-
man_evaluation_XX.mp4”.

D.7. Supplementary Visual Results
Comparison with Interactive Head Avatar We pro-
vide the video results to further support the vi-
sual results in Fig. 6. Please refer to “01_inter-
active_avatar_comparison_XX.mp4”. We also provide
a video comparison results using the DEMO videos
of Official INFP [24]. Please refer to “01_interac-
tive_avatar_comparison_demo.mp4”

Comparison with Talking Head Avatar In Fig. 14,
we compare our model with SadTalker [22], Hallo3 [5],
FLOAT [11], and INFP* [24] for talking head avatar gen-
eration bu dropping the user condition at inference. Avatar
Forcing can generate competitive results compared to state-
of-the-art models, while our model successfully reflects
user signals. We also provide the video comparison results.
Please refer to “03_talking_XX.mp4”.

Comparison with Listening Head Avatar In Fig. 15, we
compare our model with RLHG [23], L2L [14], DIM [17],
and INFP* [24] for listening head avatar generation. Avatar
Forcing can generate competitive results with more ex-
pressive facial expression. Please refer to “03_listen-
ing_XX.mp4” for video results.

E. Discussion
Ethical Consideration Our method can generate more
engaging and interactive head-avatar videos, broadening

positive applications such as virtual avatar chat, virtual ed-
ucation, and other communication tools by providing users
with a more immersive experience. However, realistic in-
teractive head avatar videos also pose risks of misuse, in-
cluding identity spoofing or malicious deepfakes. Adding
watermarks to generated videos and applying a restricted li-
cense can help mitigate these risks. We also encourage the
community to use our generated data to train deepfake de-
tection models.

Limitation and Future Work Our system focuses on
modeling interactive conversations through a head-motion
latent space, which enables natural and expressive inter-
actions. This design limits the modeling of richer bodily
cues, such as hand gestures, that contribute to more dynamic
communication. Moreover, while our model captures user-
driven conversational cues via motion latents, certain sce-
narios may require more explicit controllability, such as di-
recting eye gaze or emphasizing emotional shifts. We be-
lieve that incorporating additional user signals, including
eye-tracking or emotion-tracking inputs, can address these
limitations. Since our framework imposes no architectural
constraints on adding new conditions, such signals can be
incorporated in future extensions of our system. While dif-
fusion forcing is robust for long-horizon generation, it does
not fully address exposure bias. Addressing this issue in the
motion latent space remains future work.



Figure 13. Human evaluation interface. (Left) Instructions for human evaluation; (Middle) A reference sheet for consistent evaluation;
(Right) Test and answer sheet.
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Figure 14. Qualitative comparison on talking head avatar generation.
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